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ABSTRACT   
Climate change will result not only in changes in the mean state of climate but also on 
changes in variability. However, most studies of the impact of climate change on 
ecosystems have focused on the effect of changes in the central tendency. The broadest 
objective of this thesis was to assess the effects of increased interannual precipitation 
variation on ecosystem functioning in grasslands. In order to address this objective, I 
used a combination of field experimentation and data synthesis. Precipitation 
manipulations on the field experiments were carried out using an automated rainfall 
manipulation system developed as part of this dissertation. Aboveground net primary 
production responses were monitored during five years. Increased precipitation 
coefficient of variation decreased primary production regardless of the effect of 
precipitation amount. Perennial-grass productivity significantly decreased while shrub 
productivity increased as a result of enhanced precipitation variance. Most interesting is 
that the effect of precipitation variability increased through time highlighting the 
existence of temporal lags in ecosystem response. 
Further, I investigated the effect of precipitation variation on functional diversity on 
the same experiment and found a positive response of diversity to increased interannual 
precipitation variance. Functional evenness showed a similar response resulting from 
large changes in plant-functional type relative abundance including decreased grass and 
increased shrub cover while functional richness showed non-significant response. 
Increased functional diversity ameliorated the direct negative effects of precipitation 
variation on ecosystem ANPP but did not control ecosystem stability where indirect 
effects through the dominant plant-functional type determined ecosystem stability. 
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Analyses of 80 long-term data sets, where I aggregated annual productivity and 
precipitation data into five-year temporal windows, showed that precipitation variance 
had a significant effect on aboveground net primary production that is modulated by 
mean precipitation. Productivity increased with precipitation variation at sites where 
mean annual precipitation is less than 339 mm but decreased at sites where precipitation 
is higher than 339 mm. Mechanisms proposed to explain patterns include: differential 
ANPP response to precipitation among sites, contrasting legacy effects and soil water 
distribution. 
Finally, increased precipitation variance may impact global grasslands affecting plant-
functional types in different ways that may lead to state changes, increased erosion and 
decreased stability that can in turn limit the services provided by these valuable 
ecosystems. 
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1 - INTRODUCTION 
Theoretical Background 
The study of the relationship between precipitation and aboveground net primary productivity 
(ANPP) has been of scientific interest for a long time (Noy-Meir 1973). The importance of 
primary production for the functioning of ecosystems lies on the fact that it is the main input of 
energy to all other trophic levels in any ecosystem (Odum 1969). Precipitation is the main 
limiting resource for primary productivity in grasslands (Lauenroth 1979) and a thorough 
understanding of its effects on ecosystems is of critical importance for predicting climate change 
impacts. Global-model simulations project increases (IPCC 2013) in the frequency of heavy 
precipitation events under global warming (Räisänen 2002, Wetherald 2010, Fischer et al. 2013), 
even in regions where precipitation is expected to decrease (Kharin et al. 2007). Such changes 
are expected to be accompanied by a reduction in the probability of wet days, resulting in a 
highly variable climate with high probabilities of drought and heavy precipitation events (Kharin 
et al. 2007). Change in precipitation variability is related to the availability of moisture in the 
atmosphere with water-holding capacity increasing as temperature increases (Allen and Ingram 
2002); and to changes in modes of atmospheric circulation (Trenberth et al. 2003). Projections of 
changes in variance have received increasing attention in the last IPCC assessments resulting on 
a full IPCC report dedicated to extreme events (IPCC 2012). 
Although IPCC reports are widely respected and part of the public narrative, the scientific 
community has focused mostly on directional changes of climate largely ignoring the effect of 
increasing variance of climatic variables. Most efforts have investigated only a portion of all 
climatic change effects concentrating mostly on global warming, increased atmospheric carbon 
dioxide concentration and drought effects. Consequently, there is not a clear understanding of the 
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effects of precipitation variance on ecosystems, or whether increased variance will have negative 
or positive effects on ecosystem functioning. Or, whether different ecosystems will show 
different responses, and what are the ecological mechanisms responsible for those differences. 
Precipitation effects on aboveground net primary production (ANPP) have been studied at 
local (Jobbágy and Sala 2000), regional (McNaughton 1985, Sala et al. 1988, Bai et al. 2008) 
and global scales (Lauenroth 1979, Sala et al. 2012). Interestingly, there is a large difference in 
the amount of variance explained at different scales. At the regional scales, the models 
encompass precipitation gradients and include mean ANPP (g m
-2
 yr
-1
) and mean precipitation 
(mm yr
-1
) at several sites. These models yield high correlation coefficients and very similar 
slopes representing precipitation use efficiency (g m
-2
 mm
-1
) (R
2
 = 0.94 and slope = 0.60 (Sala et 
al. 1988), R
2
 = 0.76 and slope = 0.67 (Bai et al. 2008) and R
2
 = 0.48 and slope = 0.69 
(McNaughton 1985). Local models are fit through time composed of annual estimates of ANPP 
and annual precipitation and use the same units. These models yield much lower precipitation 
use efficiency ranging from 0 to 0.56 g m
-2
 mm
-1
 and explain a small fraction of the ANPP 
variability with R
2
 values ranging from 0 to 0.77 (Sala et al. 2012). Spatial and temporal models 
are fundamentally different; the former consist of ANPP responses of different ecosystems to 
mean precipitation at each site while the later describe ANPP responses of a single ecosystem 
type along a sequence of years with variable precipitation. Differences between models point out 
limitations of exchanging spatial for temporal precipitation-ANPP relationships.  
Potential mechanisms explaining the low explanatory power of annual precipitation at 
individual sites are still uncertain. The effect of precipitation coefficient of variation itself may 
contribute to the explanation of remaining variance through mechanisms that can be divided 
according to their temporal scale. At the intra-annual scale, within season precipitation 
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variability may impact ANPP through precipitation pulse size distribution (Lauenroth and Sala 
1992); and at the interannual scale, legacy effects may explain ANPP responses to wet and dry 
years (Reichmann et al. 2013a). Empirical evidence for the effect on intra-annual precipitation 
variance is scarce and shows contrasting results. Manipulative experiments testing for the effects 
of intra-annual precipitation variability on ANPP, grouped small precipitation pulses 
transforming them into fewer large rain events increasing within season precipitation variability. 
These studies found negative ANPP responses in the Tallgrass Prairie (Knapp et al. 2002), 
positive effects in the Mixedgrass Prairie in Kansas and in the Shortgrass Steppe in Colorado 
(Heisler-White et al. 2009) and null responses at the Sevilleta LTER in New Mexico (Thomey et 
al. 2011) and Silwood Park in the United Kingdom (Fry et al. 2014).  
At the interannual scale, precipitation variance may impact ecosystems through yearly 
precipitation legacy effects on ANPP (Sala et al. 2012, Reichmann et al. 2013a). Legacies are the 
negative effect of dry years or positive effect of wet years on ANPP after they have occurred 
(Sala et al. 2012). Positive and negative legacies are proportional to the difference in 
precipitation of a focal year and the previous year (Reichmann et al. 2013a). The magnitude of 
interannual precipitation variance determines the difference in precipitation between years and 
therefore the magnitude of legacies. If positive and negative legacies are of the same magnitude, 
they would cancel each other and increased precipitation variance would have null effect on 
multi-year ecosystem response. If negative legacies are larger than positive legacies, interannual 
precipitation variance would have a negative impact on mean aboveground net primary 
production and if positive legacies are larger than negative legacies ANPP response to 
precipitation variation would be positive. Studies of interannual precipitation effects are scarce; 
one data-mining study concluded that there were no significant effects of precipitation variability 
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on ANPP (Hsu et al. 2012) . On the other hand, a 40-year modeling experiment in the Tibetan 
Plateau reported strong negative effects of interannual precipitation variance on ecosystem 
functioning (Ye et al. 2013).  
The role of precipitation variance in promoting biodiversity in water-limited ecosystems is 
particularly relevant to the predictions of global change models (Loik et al. 2004). The number 
of plant-functional types represented in an ecosystem is a better predictor of ecosystem processes 
than the number of species itself (Tilman et al. 1997a). Consequently, some studies have focused 
specifically on functional diversity as determinant of ecosystem productivity and stability (Díaz 
and Cabido 2001, Cadotte et al. 2011). Precipitation variability may impact functional diversity 
by increasing the heterogeneity of water availability. Spatial and temporal heterogeneity of 
resource availability are well studied mechanisms that promote diversity (Tilman and Pacala 
1993). Mechanisms related to environmental heterogeneity depend on the number of limiting 
resources and on the interaction of limiting resources with physical factors. Temporal variation 
influences these mechanisms because ecosystems may be limited by one or more resources at 
different points in time and because physical factors (i.e. temperature) vary through time along 
daily, seasonal and yearly cycles. Switching from one main limiting resource to another or from 
favorable to unfavorable conditions through time promotes diversity because different plant 
species or groups of species are best adapted to a particular set of environmental conditions. This 
allows for different species to be dominant at different points in time contributing to their 
persistence. On the contrary, homogeneous availability of resources under equilibrium conditions 
would lead to complete domination of the best adapted species that would outcompete the rest of 
the species (Tilman 1982) decreasing diversity. Sequences of wet and dry years increase the 
heterogeneity of water availability through time determining periods of high and low water 
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availability. Therefore, increased precipitation variation may promote plant diversity and its 
impacts on ecosystem functioning (D’Odorico et al. 2008).  
Many studies have focused on the effects of increased resource availability on species 
diversity and its consequences for ecosystem functioning. For example, chronic increased 
nitrogen availability reduces plant diversity (Isbell et al. 2013b) and decreases the resource use 
efficiency over time (Isbell et al. 2013a). Chronic resource availability increase leads to a 
reduction in the temporal heterogeneity of resource availability because such resource is always 
available neutralizing temporal heterogeneity mechanisms and explaining species richness 
decline.  
Thesis Objective 
The overall objective of my thesis was to assess the effects of increased interannual 
precipitation variation on ecosystem functioning in grasslands. I had three specific objectives: 
Specific objective 1: to study the effect of multi-year precipitation coefficient of variation on 
ANPP. 
Specific objective 2: to study the effect of multi-year precipitation coefficient of variation on 
functional diversity and its consequences for ecosystem stability and productivity. 
Specific objective 3: to explore the effect of multi-year precipitation coefficient of variation 
on aboveground net primary production across global grasslands.  
Approach 
In order to assess the effects of interannual precipitation variation on ecosystem functioning, I 
combine the use of experimentation and analyses of existing long-term data. The experimental 
part consisted of a well replicated rainfall-manipulation experiment located in the Jornada Basin 
LTER in southern New Mexico, USA. This experiment allowed me to investigate ecosystem 
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responses testing for causality and providing mechanisms explaining such responses. The 
analysis of long-term data consisted of the collection and analysis of 80 data sets at least 10 years 
long, from 37 sites located around the world. This approach explored ecosystem responses of 
grasslands composed by different vegetation types and adapted to diverse climatic regimes. 
These approaches complement each other. Field experimentation provides controlled conditions 
through targeted manipulations that allow testing for causality and mechanisms behind 
ecosystem responses but has the spatial limitation to one single site and temporal limitation to 
five years. On the other hand, data synthesis includes many sites with time series from 10 to 52 
years allowing the study of response patterns expanding in space and time but lacks the ability to 
test for causation. Using these complementary approached this thesis explores causality and large 
temporal and spatial patterns. 
Thesis Structure 
In order to assess precipitation variance effects, my dissertation does four contributions 
detailed in chapters two to five followed by a general conclusion chapter.  
Chapter 2 consisted of the design, field test and analyses of the impacts of the Automated 
Rainfall Manipulation System (ARMS). This tool was developed in order to have an affordable 
precipitation manipulation system that allowed for large number of replications, was of easy 
implementation and required no connection to the power grid (Gherardi and Sala 2011).  
Chapter 3 tested hypotheses related to the effect of precipitation variability depicted as the 
coefficient of variation on ecosystem functioning. I hypothesized that enhanced precipitation 
variation may affect primary production depending on the shape of the ANPP response to annual 
precipitation. A second hypothesis stated that ecosystem response to precipitation variation 
changes through time.  
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Chapter 4 tested hypotheses related to the precipitation coefficient of variation effect on 
functional diversity and its consequences for ecosystem functioning. The first hypothesis states 
that higher precipitation variation leads to increases in functional diversity. Second, I 
hypothesize that increased functional diversity would have a positive impact on ANPP. The third 
hypothesis stated that enhanced functional diversity would increase ecosystem stability. 
Chapter 5 explores patterns of the ANPP response to precipitation variation on grasslands 
across a precipitation gradient. I collected 80 datasets of ANPP and annual precipitation for 37 
sites around the world and analyzed the effect of precipitation variance and mean in five-year 
time windows. In this chapter, I aimed to answer two questions. (1) Is there a direct effect of 
precipitation interannual variance on ANPP? (2) Is precipitation-variance effect different along a 
precipitation gradient from arid to mesic ecosystems? 
Chapter 6 integrates findings from all chapters resulting in general discussion and conclusion 
of my dissertation.  
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2 - AUTOMATED RAINFALL MANIPULATION SYSTEM: A RELIABLE AND 
INEXPENSIVE TOOL FOR ECOLOGISTS 
Introduction 
Manipulative experiments are unique tools for studying causality of potential ecosystem 
responses to climate change (Sala et al. 2000) and constitute the basis for assessment and 
modeling of the response of ecosystem functioning to global climate change (Leuzinger et al. 
2011). However, such experiments are relatively scarce because of expense and logistical 
constraints. Observational studies tend to be less costly and have effectively used time series 
within sites or cross-site comparisons and have generated an important body of knowledge 
(Huxman et al. 2004a, Sala et al. 2012). However, these studies are often limited in their ability 
to study causality because they cannot isolate variables under study from co-varying factors such 
as climate or soil properties. Thus, cost-effective manipulative experiments are a unique tool to 
study causality in ecological responses to changes in manipulated variables and to unravel the 
mechanisms behind observed response patterns.  
 Water availability constrains ecosystem functioning in arid to sub-humid ecosystems 
(Nemani et al. 2003), which occupy about one third of the terrestrial surface of the Earth 
(Reynolds et al. 2007). Many ecosystem processes from microbial activity (Liu et al. 2009, 
Yahdjian and Sala 2010), to aboveground net primary production (Sala et al. 1988, Sala et al. 
2012) are affected by water availability. And, climate change will affect water availability 
directly through changes in precipitation or indirectly through temperature and evaporative 
demand increases (Seager et al. 2007). Therefore, precipitation manipulation experiments 
become a key tool for scientists working towards a better understanding of the consequences of 
climate change on the functioning of ecosystems. 
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Methods for experimental rainfall manipulations can be divided in two main groups: active 
and passive (Hanson 2000). Active manipulations range from simple handheld sprinklers to fixed 
overhead sprinklers. Passive systems consist of partial interception rainout shelters or complete 
roofs that divert water from target plots. Yahdjian and Sala (2002) developed a rainout shelter 
design that have been replicated in many experiments around the world. Combinations of passive 
and active systems have been used in EXMAN projects in Europe for forest ecosystems (Beier et 
al. 1995) and by the RaMP project in a grassland ecosystem in the United States (Fay et al. 
2000). Experimental manipulations that include both rainfall exclusion and irrigation allow for 
testing responses to drought and increased water availability and their potential asymmetry. Most 
water manipulation experiments have used five replicates or less, usually three (Liu et al. 2002, 
Huxman et al. 2004b, Harper et al. 2005, Dermody et al. 2007, Heisler-White et al. 2009, Carlyle 
et al. 2011), limited by the high cost and logistical difficulties (Pangle et al. 2012). A water 
manipulation system that combines rainfall exclusion and water addition that is of low cost and 
relatively easy implementation would allow a greater number of experiments aiming to 
understand ecosystem responses to changes in water availability. 
The objectives of the present study were; (1) to design a system that provides broad changes 
in precipitation in experimental plots at low cost and that required low maintenance and no 
connection to the electrical grid, (2) to test the accuracy of rainfall manipulation system and its 
impact on other environmental variables. The low cost requirement is essential to achieve 
adequate experimental replication; and the low maintenance and grid independence are necessary 
to implement treatments in remote locations.  
The Automated Rainfall Manipulation System (ARMS) described here is a combination of a 
fixed location rainout shelter and an active system that diverts water from rainfall exclusion plots 
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to irrigation plots. The experimental design to test the system had 5 levels of precipitation, 3 
replicates and used 2.5 m x 2.5 m plots located in the Chihuahuan Desert in New Mexico. I 
measured rainfall manipulation accuracy, soil water content, air temperature, and 
photosynthetically active solar radiation (PAR) under the rainout shelters.  
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Methods 
Automated Rainfall Manipulation System (ARMS) consists of coupled interception and 
irrigation plots (Fig. 1 and Fig. 2). Rainout shelters, in this case, intercepted either 50% or 80% 
of incoming precipitation although the interception amount can be adjusted by changing the 
shingle density. Water from the shelters was stored temporarily in tanks and from there 
transferred to the irrigation system that increases precipitation by +50% and +80% relative to 
ambient (Fig. 1 and Fig. 2). Rainout shelters were based on the design reported by Yahdjian and 
Sala (2002). This type of shelter has been constructed and tested for field conditions at the 
Jornada LTER for 2006-12 and they are currently being used in many experiments from Alaska 
to Patagonia (Yahdjian and Sala 2002, Yahdjian et al. 2006, Cipriotti et al. 2008, Heisler-White 
et al. 2008, Fiala et al. 2009, Chimner et al. 2010, Throop et al. 2012, Archer pers. comm. AZ, 
Collins pers. comm. NM, Knapp pers. comm. CO, Schwinning pers. comm. TX, Belnap pers. 
comm. UT, and Shaver pers. comm. AK). The shelter design consists of a metal structure that 
supports V-shaped clear acrylic bands or shingles with high light transmission and low 
yellowness index (Yahdjian and Sala 2002). To construct the shingles, I bought acrylic sheets 
(from Regal Piedmont Plastics, LLC, El Paso, TX) that were cut in 254 cm length by 12.7 cm 
wide stripes. Then, I heated them using a Straight Line Bender, placed the heated shingle on top 
of a wood mold and put some weight on top of it. After cooling down, the shingle keeps the 
shape of the mold resulting in a shingle 11-cm wide bended in a 120º angle. In order to 
windproof my shelters, I buried a 150-cm long rebar 75 cm into the soil; the aboveground part of 
the rebar in each corner of the plot fitted in the metal structure of the shelter. Finally, I tightened 
the legs of the shelter to the rebar using wire.    
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1  Automated Rainfall Manipulation System (ARMS) Diagram 
Fig. 1 Automatic Rainfall Manipulation System (ARMS) design showing the interception and 
irrigation components. Inset shows electrical circuit details. 
Intercepted water was channeled through a gutter and discharge pipe to a 55-gallon generic 
plastic tank. When water in the storage tank reached certain level, a float switch turned on a 
water pump that drove the water to irrigated plots through ¾ inch PVC pipe line. I used Atwood
®
 
Marine Automatic float switch that turns on an electric pump. Float switch was carefully located 
to match the level of the tank outlet so they would turn off the pump before the tank was empty 
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preventing pump damage. The Pacific Hydrostar
® 
12 volts utility pump has a maximum pumping 
rate of 200 gallons per hour at approximately 10 PSI.  To power the pump I used 12-volt, 15-
amp/hour generic battery recharged by 5-watt Solartech
® 
SPM005P solar panel. Two Rain Bird
®
 
8-VAN adjustable spray nozzles located at opposite corners of irrigated plots distribute water on 
top of the canopy. I calibrated the angle and radius of each nozzle on site before each rainy 
season so water fell uniformly within irrigated plots. 
 
2  Automated Rainfall Manipulation System (ARMS) Photos 
Fig. 2 Automated Rainfall Manipulation System (ARMS) photos showing, a) interception and 
irrigated plots, b) a view of the interception component and its connection to the storage tank, c) 
four modules of rainout shelters put together including a removable panel with hinges that allows 
walking access to the center of the plot. 
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Description of the experiment and measurements 
My experimental design consisted of 5 treatments; 4 levels of precipitation manipulation -
80%, -50%, +50%, +80% relative to ambient precipitation plus a control. I used three replicates 
per treatment totaling 15 plots of 2.54 m by 2.54 m size. Plot size is adequate to modify the water 
supply to Chihuahuan Desert plants based on data regarding size of individuals (Drewa et al. 
2006) and magnitude of the edge effect (Yahdjian and Sala 2002). I trenched all plots down to 60 
cm depth or to caliche layer depth using 6 mil PVC film in order to avoid horizontal water 
exchange between plots and surrounding non-manipulated area.  
Expected and observed precipitation measurements assessed the accuracy of the system to 
capture water and transfer it to irrigated plots. Soil water, air temperature and photosynthetically 
active radiation (PAR) estimated environmental effects of the ARMS. I calculated expected 
precipitation received underneath rainout shelters as the product of plot area, water column 
height for the growing season and a target manipulation coefficient (i.e. 1.8 for the +80% 
treatment or 0.5 for the -50% treatment). Actual water excluded was estimated from sheltered 
plots and added to irrigated plots using flow meters located in the PVC pipeline right before 
irrigated plots (Fig. 1). I measured soil water content in top 30 cm of the profile hourly using 
Campbell Scientific
®
 CS625 probes and logged onto Campbell Scientific
®
 CR200X data loggers. 
I measured air temperature every 30 minutes at canopy height using iButtons
®
 DS1921c and 
PAR with a Li-Cor line quantum sensor model LI-191 along three parallel and evenly spaced 
permanent lines per plot, each of 250 cm length. I placed the radiation sensor above the canopy; 
and six readings distributed through each plot were taken at 10:00, 12:00 and 17:00 hours under 
clear sky conditions during the growing season. 
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I carried out statistical analyses using R version 2.14.2 (R Core Team 2013) and used linear 
regression model blocked by year to analyze expected to observed precipitation relationships. 
Repeated measures ANOVA analyses were used for soil moisture and air temperature testing for 
treatment, time and interaction effects. I tested effects on PAR using single factor ANOVA 
analysis performed for each time during the day with treatment as main effect. The six readings 
taken on each plot were treated as subsamples.  
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Results and Discussion 
Observed versus expected precipitation results across treatments fulfilled my objective of 
designing a system that modified a broad range of incoming precipitation (Fig. 3). I successfully 
manipulated rainfall from 80% exclusion to 80% addition relative to ambient precipitation. The 
slope of a fitted model of observed precipitation regressed to expected precipitation across all 
treatments (Fig. 3, PPTobs = 2.11 + 1.004 PPTexp, F (1, 22) = 280, P < 0.0001) was not significantly 
different from a 1:1 model for two growing seasons (Fig. 3, t = 0.0006, P > 0.05). The intercept 
of the fitted model was not significantly different from zero (Fig. 3, t = 0.35, P = 0.72). Flow 
meter readings are a reliable metric of irrigation effectiveness because there is no other source of 
water than the rainout shelter and all the water running through the flow meter is assured to get 
into the irrigated plot. Although the two monitored growing seasons were contrasting in terms of 
precipitation amount, ARMS successfully manipulated rainfall to the desired levels in both cases. 
 
3  Observed Versus Expected Precipitation across Treatments During Two Growing Seasons 
Fig. 3 Observed versus expected precipitation for 4 precipitation manipulation treatments and 
a control during two growing seasons; full circles 2010 and empty circles 2011. Fitted model 
(dashed) and 1:1 (solid) lines are plotted. Precipitation in mm was estimated from flow meter 
readings located in the pipe line located prior to irrigated plots. 
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Rainfall manipulations translated into significant differences in volumetric soil water content 
among treatments (F (4, 10) = 11.08, P = 0.001). Irrigated plots showed higher soil moisture than 
rainfall interception plots; and control plots showed intermediate values (Fig. 4). The passive 
interception and the active irrigation components of the ARMS had perfect timing therefore both 
passive interception and active irrigation treatments showed simultaneous peaks of soil moisture 
(Fig. 4). The small differences between +50 and +80% treatments may be due to the fact that 
pulses generated by the 50% rainfall addition may have saturated the 0-30 cm layer percolating 
to deeper layers. Water percolation to deep layers (> 80cm) in response to rain was observed for 
three different soil types in the Jornada LTER (Duniway et al. 2010). My automated irrigation 
system had the advantage over manual systems that it did not modify number of rain events nor 
irrigated the day after a rain event when other climatic conditions (i.e. temperature, radiation) 
could be substantially different than conditions during the rainy day.  
 
4  Growing Season Volumetric Soil Water Content from 0 to 30 cm across Five Rainfall Manipulation Treatments for the Year 2011 Growing Season 
Fig. 4 Precipitation manipulation effect on soil water content 0-30 cm depth during 2011 
growing season. Lines represent mean daily values of hourly recorded data. Manipulation 
treatments range from 80% and 50% interception to 50% and 80% addition, relative to ambient 
precipitation and control.  
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Side effects of ARMS on PAR and temperature were very small. Incoming PAR was slightly 
reduced underneath rainout shelters in the morning (F (2, 6) = 5.291, P = 0.04) and at noon (F (2, 6) 
= 33.05, P < 0.0001) but was similar across treatments in the afternoon (Fig. 5, F (2, 6) = 0.717, P 
= 0.52). Mean overall incoming radiation as a percent of control plots was 94.1% for the 80% 
PPT reduction treatment and 97.2% for the 50% PPT reduction treatment. An explanation for 
such low effect is that the tall end of rainout shelters faces south allowing a large fraction of the 
plot to receive direct sunlight. 
 
5  Photosynthetically Active Radiation Reaching the Canopy in Control and Rainout Shelter Plots 
Fig. 5 Rainout shelter effect on photosynthetically active radiation (PAR), 6 subsamples 
evenly located per plot measured on top of the canopy. Bars indicate mean ±1SE for interception 
and control treatments at three different times under clear sky conditions. One star indicates p-
value < 0.05, double star indicates p-value < 0.01 and NS indicates non-significant differences 
among treatments for a particular time. 
Temperature was also minimally affected by the presence of rainout shelters. There were no 
significant differences among treatments in mean daily temperature in any of the two monitored 
growing seasons (Fig. 6 a,b; F (2, 6) = 0.254, P = 0.78, F (2, 6) = 0.5, P = 0.63). However, there was 
a significant increase in mean night-time temperature of 0.8 ˚C and 0.55 ˚C for the 80% and 50% 
PPT interception treatments respectively (Fig. 6 c,d; F (2, 6) = 16.56, P = 0.003, F (2, 6) = 10.46, P 
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= 0.01). Rainout shelters may absorb, re-radiate and reflect long-wave radiation emitted by the 
soil surface at night slightly increasing canopy temperature in experimental plots. This effect is 
probably offset during the day by a small reduction in short wave radiation. Even though I found 
significant differences among treatments, radiation and temperature results showed that ARMS 
had small average side effects. 
 
6  Daily Mean Day- and Night- Time Temperature in Control and Rainout Shelter Plots During Two Growing Seasons 
Fig. 6 Rainout shelters effect on air temperature at the canopy level. Lines represent mean 
day-time temperature (panels a and b) and mean night-time temperature (panels c and d) of data 
recorded every 30 minutes for two growing seasons. 
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The ARMS design has been very resistant to extreme climatic conditions. For example, 
ARMS withstood windy and high irradiance conditions of the Chihuahuan Desert with average 
wind speed of 12 km h
-1
, maxima of 80 km h
-1
 and  solar radiation  as high as  671.1 MJ m
-2
 
(Wainwright 2006). Rainout shelters also contended well under high wind conditions of the 
Patagonian Steppe with wind maximum values of 70 km h
-1
 (Beltran 1997). Performance of the 
interception component of ARMS was estimated as the edge effect measured to be just 20 cm 
(Yahdjian and Sala 2002). The irrigation component performed properly under weather 
conditions of the experimental period. Soil moisture was successfully manipulated to target 
values (Fig. 4). Other experiments looking at ecophysiological plant responses (Throop et al. 
2012) and aboveground plant productivity (Reichmann et al. 2013a) used similar irrigation 
systems under similar conditions and yielded significant irrigation effects. 
ARMS is a flexible system in terms of ecosystem type where it can be implemented ranging 
from arid to sub-humid ecosystems. Studies carried out in humid or tree dominated ecosystems 
need larger scale designs than AMRS in order to be able to handle large amounts of water across 
tall canopies (See  Pangle et al. (2012)). ARMS is also versatile in terms of target manipulation 
because percentage of manipulated rainfall can be easily modified by changing shingle density 
and using the same irrigation system. ARMS plot size can also be modified, modules of 2.5 m by 
2.5 m can be put together to manipulate PPT over larger plots. For example, I built a 6 m by 5 m 
shelter in the Jornada LTER using four rainout shelter modules with a removable 1-m wide 
section that allowed walking access to a neutron probe tube located in the center of the plot (Fig. 
2 c). The removable section of the shelter had hinges that allowed easy opening and closing (Fig. 
2 c). Irrigation component for such large plot could be handled by the exact same tank, pump and 
pipeline used for the design presented here for the 2.5 m by 2.5 m module. However, it may need 
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different nozzles in order to cover a large irrigated plot but there is a wide range of nozzles 
commercially available. The cost of larger ARMS scales up linearly to the number of shingles 
for the interception component and stays almost constant for plots up to 8 m by 5 m for the 
irrigation component.  
The flexibility of my design allows researchers to adapt it to a variety of sites and studies. A 
broad range of hypotheses from the population and community to ecosystem scale can be tested 
using ARMS. Examples of recent studies that used some sort of rainfall manipulation system 
include those that tested for the occurrence of precipitation legacies on primary production (Sala 
et al. 2012, Reichmann et al. 2013a) and the effects of water availability on ecophysiological 
responses of grasses and shrubs (Throop et al. 2012), to those that assessed effects of 
precipitation change on the nitrogen cycle (Reichmann et al. 2013b).  
 ARMS is a great tool for ecologists interested in manipulating precipitation and is available 
at a mean cost of $228 USD per module of 2.5 m by 2.5 m (Table 1). It is able to manipulate 
successfully incoming PPT translated in different soil water content and have small effects on 
temperature and incoming radiation. The low cost of ARMS has two advantages. First, it solves 
the limitation imposed on the number of replicates by previous expensive designs. Second, it 
allows for the implementation of PPT manipulation experiments in countries where funding 
sources are limited and may ameliorate the concentration of experiments in the United States and 
Europe. ARMS operates off the electrical grid since it is fully solar powered allowing installation 
in remote locations and distribution of experimental units according to spatial environmental 
heterogeneity specific of each study site independently of the location of power sources. ARMS 
maintenance is estimated at one month of work of two people per year to maintain 10 replicates 
of 5 levels of precipitation manipulation totaling 50 plots. This low work effort required is due to 
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the automatic design which also keeps the number of rain pulses and timing constant across 
treatments. 
Table 1. ARMS cost in US dollars per experimental unit of 2.5 m by 2.5 m in 2011. Cost of the 
interception component is separated for the 50% and 80% interception treatments (Yahdjian and 
Sala 2002). The irrigation component has the same cost for both 50% and 80% water addition 
treatments. The average cost per plot of the 50 and 80% treatment is presented. 
 
Interception component  
Structure 
Rebar 
 
12 
Electrical metal conduit 18 
Elbows 18 
Gutter 20 
Bolts and nuts 10 
Wire (2.5 meters per shelter) 2 
Shingles 
50% (11 acrylic stripes) 83 
80% (18 acrylic stripes) 135 
-50% $162 
-80% $215 
Irrigation component  
Battery 33 
Pump 35 
Solar panel 38 
Float switch 20 
Tank  50 
Pipe & fittings 65 
Flow meter 45 
Other 20 
Irrigated $306 
Mean cost per plot $228 
1 ARMS Cost in US Dollars per Experimental Unit 
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3 - ENHANCED INTERANNUAL PRECIPITATION VARIABILITY RESULTS IN 
DECREASED GRASS- AND INCREASED SHRUB-PRODUCTIVITY  
Global Climate-Change simulations predict increases in precipitation variance as a result of 
the global warming caused by elevated greenhouse-gases concentration in the atmosphere 
(Räisänen 2002, Wetherald 2010, Fischer et al. 2013). Under climate-change conditions, the 
frequency of large precipitation events is expected to increase (Räisänen 2002, IPCC 2013), even 
in regions where precipitation will decrease (Kharin et al. 2007). Similarly, the occurrence of wet 
days will decrease, resulting in a highly variable climate with enhanced probabilities of drought 
and heavy rainfall (Kharin et al. 2007). Precipitation variation will increase at the intra-, inter 
annual and decadal scales. Mechanisms explaining such changes differ among scales. At short-
time scales, high precipitation variance results from the increased water-holding capacity of a 
warmer atmosphere that yields large rainfall events interspaced with droughts (Allen and Ingram 
2002). At the interannual and decadal scale, climate change  results in enhanced precipitation 
variance due to changes in atmospheric circulation that affect multi-year rainfall patterns 
(Trenberth et al. 2003). 
Understanding the effect of climate variance on the carbon cycle in grasslands is still limited 
(Reichstein et al. 2013). Aboveground net primary production (ANPP) is the main component of 
the carbon cycle and even though responses to changes in the amount of precipitation have been 
largely studied, knowledge about the effect of precipitation variation per se on ANPP is rather 
poor, especially at the interannual to decadal time scales. A few short-term experiments focused 
on the effect of intra-annual precipitation variance and reported contrasting results, with null or 
positive effects in arid systems and negative effects in mesic systems (Knapp et al. 2002, Fay et 
al. 2008, Heisler-White et al. 2009, Thomey et al. 2011). A modeling exercise found that 
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increased interannual precipitation variability in the Tibetan plateau led to drastic productivity 
reduction in grasslands when combined with increased temperature (Ye et al. 2013).  
Here, I aimed at assessing the effect interannual variability of precipitation on ecosystem 
functioning. Two hypotheses guided my work. I- Increased interannual precipitation 
variation affects aboveground net primary production. I predict positive or negative effects 
or even support for a null hypothesis of no effect depending on the shape of the productivity 
response to annual precipitation. Increased interannual precipitation variation implies sequences 
of relatively extreme dry and wet years. Therefore, if the ANPP response to annual precipitation 
is linear, increase precipitation variance will result in null effect on average multi-year ANPP 
because the decline caused by dry years is compensated by ANPP increases in wet years.  On the 
other hand, non-linear responses result in either positive or negative effect of precipitation 
variance on ANPP. For example, concave up ANPP response to precipitation leads to positive 
effects of precipitation variation because the ANPP decline caused by dry years is 
overcompensated by the non-linear ANPP increase resulting from wet years. Concave-down 
responses result in negative response to precipitation variation because the positive effect of wet 
years does not compensate dry-year ANPP decreases.  
II- The effect of enhanced interannual precipitation variation increases through time. 
The duration of increased precipitation variability periods may lead to hierarchical ecosystem 
responses (Smith et al. 2009). I expect that physiological responses to enhanced precipitation 
variability will occur sooner than changes in plant-community composition and local extinctions. 
In synthesis, as the duration of the enhanced precipitation-variation increases, different 
mechanisms enter into play amplifying the ecosystem response. I envision that different groups 
of plants, which share common physiological and ecological characteristics, may respond 
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differently than other groups with different characteristics to enhanced precipitation variability, 
and that the ecosystem response may be the weighed response of the individual groups. These 
groups of plant species are called plant-functional types (Walker et al. 1999b) and in this case 
include perennial grasses, shrubs and rare species, which include forb, annual-grass and sub-
shrub species. 
Here, I used an automated rainfall manipulation system (Gherardi and Sala 2013) to 
experimentally manipulate interannual precipitation coefficient of variation applying sequences 
of wet and dry years on fifty 2.5m x 2.5m experimental plots during five years in a Chihuahuan 
Desert Grassland. The first year of the experiment started with 5 levels of rainfall manipulations 
ranging from enhanced by irrigation (+80%, +50% relative to ambient) to reduced (-50% and -
80% also relative to ambient) plus a control (ambient) (Fig. 1). During the second year, plots that 
received water addition in the first year, received a drought treatment of the same proportion, and 
plots that received drought during the first year, received water addition treatment of the same 
proportion during the second year (-50% plots were inverted to +50%, +50% to -50%, -80% to 
+80%, and +80% plots to -80%). The third, fourth and fifth years received alternations of first 
and second year manipulations (Fig. 1). These treatments resulted in 5 levels of precipitation 
coefficient of variation and mean during the five-year period (Fig. 1 inset) that significantly 
altered soil moisture patterns (Supporting online text SM1 Fig. S2). To assess ecosystem 
response, I estimated ANPP by species, using a non-destructive method (Flombaum and Sala 
2007). Species ANPP estimates were lumped into three functional types (perennial grasses, 
shrubs and rare species) based on functional characteristics (SM1- Methods). My experimental 
design aimed at exploring the sensitivity of the ecosystem and its component plant-functional 
types to changes in precipitation variation instead of exploring specific scenarios. Unlike studies 
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of expected climate-change scenarios that explore specific changes in climate, this approach will 
provide a surface response applicable to many projected changes in precipitation variance. 
 
7  Growing Season Precipitation Resulting from Rainfall Manipulations along the Duration of the Experiment for all Treatments 
Fig. 1. Growing-season precipitation per treatment, including five different levels of 
precipitation manipulation +80%, +50%, ambient, -50% and -80% all relative to ambient 
precipitation resulting in five levels of precipitation variability. Treatments were switched every 
year from wet to dry and dry to wet. Colors indicate different treatments, solid lines indicate 
plus-minus and minus-plus 50% treatments, and dashed lines indicate plus-minus and minus-plus 
80% treatments. The thin black dashed line indicates the long-term mean growing-season 
precipitation for reference. Inset legend indicates mean and coefficient of variation for growing-
season precipitation for each treatment received during the five years of the experiment. 
My results demonstrate that interannual precipitation coefficient of variation has a negative 
effect on ANPP independent from the positive effect of mean precipitation (Fig. 2A) (Supporting 
online text SM2). This result is best highlighted by the two most extreme variability treatments 
(80% rainfall manipulation starting from both reduction and irrigation) that experienced 
precipitation coefficients of variation of 102% and 108% respectively. Although both treatments 
received high interannual precipitation variance, they received the lowest and highest mean 
precipitation among treatments (inset table, Fig. 1) and their productivity was similar 
highlighting how the precipitation coefficient of variation, in this case, overshadowed the effect 
34 
 
of amount of precipitation. Negative ANPP response to increased interannual precipitation 
variation (Fig. 2A) results from negative response of perennial grasses (Fig. 2B) that was not 
fully compensated by the positive shrub response (Fig. 2C) or the null response of rare species 
(Fig.2D) supporting my first hypothesis. 
 
8  Five-Year Mean Aboveground Net Primary Production of the Community and 3 Plant-Functional Types as a Function of 5-Year Precipitation Coefficient of Variation and Mean 
Fig. 2. Effects of interannual variance and amount of precipitation on aboveground net 
primary production (ANPP). Five-year mean ANPP as a function of precipitation coefficient 
of variation and mean precipitation for the 5-year period for a) total ANPP, b) grass ANPP, c) 
shrub ANPP and d) rare species ANPP. Points indicate mean values (+/- SE) for each treatment. 
Different colors indicate treatments following figure 1, solid planes depict significant fitted 
models (no plane means no significant effects) and β values are coefficient estimates for each 
factor. 
The mechanism explaining five-year mean responses to precipitation coefficient of variation 
results from the aggregation of annual ANPP responses to annual precipitation (Fig. 3) that 
averaged over the five years determine the multi-year response (Báez et al. 2013). In order to 
explore this mechanism, I fitted linear, second order polynomial and quadratic models to assess 
35 
 
the shape of the response of total and plant-functional type ANPP to growing season 
precipitation and chose the best fit through Akaike’s (Sakamoto et al. 1986) and Bayesian 
(Schwarz 1978) information criteria (Supporting online text SM3). Total ANPP presents a 
saturating response to annual precipitation where dry years have a larger negative effect on 
ANPP than the positive effect of wet years (Fig. 3A). This ANPP response to growing-season 
rainfall results in decreased ANPP with enhanced precipitation variability because dry years 
reduce ANPP severely and wet years produce ANPP pulses that do not compensate ANPP 
reduction caused by drought. Therefore, this five-year long sequence of wet and dry years 
reduced total ANPP. Furthermore, this ecosystem response results from the aggregation of 
responses of the individual plant-functional types (Fig. 3B). Perennial grasses show a concave-
down response where extremely dry and wet years reduce productivity and show their highest 
productivity during average to moderately wet years. In fact, grass ANPP for the wettest growing 
season was of similar magnitude as ANPP of years that received precipitation amounts similar to 
the long-term average (Fig. 3B). On the other hand, shrub species show a concave-up response to 
growing season precipitation (Fig. 3B) indicating that dry years have a minor effect on shrub 
ANPP while wet years result in a disproportionate ANPP increase explaining the positive effect 
of interannual precipitation variation on this plant-functional type. Finally, rare species show a 
linear relationship to growing season precipitation (Fig. 3B) explaining the non-significant 
response to five-year precipitation coefficient of variation because effects of dry years are offset 
by effects of wet years. During dry years, rare-species ANPP is close to zero but during wet 
years these species produce large ANPP pulses that can double that of shrubs. The strong 
positive productivity pulse of shrub and rare species to wet years compensate the negative 
response of grasses explaining the plateau in total ANPP. These results provide a mechanism 
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explaining ecosystem-level response to precipitation variability and highlight the importance of 
functional diversity. 
 
9  Annual Productivity Response for the Community and 3 Plant-Functional Types to Annual Rainfall in Control Plots 
Fig. 3. ANPP response to annual rainfall in control plots. Symbols indicate mean (+/- SE). 
A) Total ANPP and B) perennial grass, shrub and rare species (forb, annual grass and sub-shrub 
species) ANPP. Lines indicate best fit between ANPP and annual precipitation according to AIC 
and BIC (Supporting online text SM3). In A) solid line corresponds to total ANPP (Total ANPP = 
1.77*PPT -0.004 *PPT
2
) and in B) dashed line for grass ANPP (Grass ANPP = 1.61*PPT -
0.005*PPT
2
), dotted line for shrubs (Shrub ANPP = 8.54 -0.002*PPT
2
) and solid line for rare 
species (Rare ANPP = -18 + 0.31*PPT). 
Analyses through time show a lag in the ecosystem response to interannual precipitation 
variation supporting hypothesis II (Fig. 4A). A single two-year period including a wet to dry or 
dry to wet transition does not show a significant effect on ANPP, even though my manipulations 
were relatively severe (Fig. 1). Results from the first time period, including a single transitions 
through years 2009 and 2010, agree with a previous experiment that showed that the negative 
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effect of a previous dry year on current year ANPP was of opposite sign but same magnitude as 
the positive effect of a previous wet year on current year ANPP (Reichmann et al. 2013a). These 
effects of single dry to wet and wet to dry transitions cancelled each other and predicted null 
effects of interannual precipitation variation. However, the overall effect reported here becomes 
significant by the second time period (third year) of the experiment showing an increase in the 
effect of precipitation variation through time (Supporting online text SM4). The grass-ANPP 
difference between the highest variability treatments and the ambient precipitation treatment 
increased from less than 31 g m
-2
 yr
-1
, during the first time period (2009-2010 growing seasons) 
to more than 76 g m
-2
 yr
-1
 on the last time period (2012-2013 growing seasons). I hypothesize 
that the lagged-ANPP response to increased interannual precipitation coefficient of variation is 
explained by hierarchical responses through time. Existing work in an arid ecosystem showed 
that intra-annual precipitation variability resulted in non-significant ANPP differences but 
significant physiological adjustment through changes in photosynthesis rates and predawn leaf-
water potential (Thomey et al. 2011, Throop et al. 2012). At a slightly larger temporal scale, 
reported responses to single-year precipitation transitions found significant changes in the 
meristem density (Reichmann and Sala 2014). This study complements previous studies and 
shows novel responses at multi-year time scale explained by plant mortality and reduction of 
dominant-grass cover highlighting the importance of the differential response of pulse versus 
press drivers (Peters et al. 2012). Long-term responses of ecosystems to enhanced precipitation 
coefficient of variation could not be detected using short-term experimentation. 
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10  Aboveground Net Primary Production Response for the Community and 3 Plant-Functional Types to Rainfall Manipulations over Time 
Fig. 4. Temporal effect of precipitation variability. Mean ANPP lumped in two-year 
averages so each treatment included one dry and one wet year resulting in four time steps for: A) 
total ANPP, B) grass ANPP, C) shrub ANPP and D) rare-species ANPP. Points indicate mean 
values (+/- SE) for each treatment and different colors indicate different treatments. Significance 
codes mean: ns not significant, * P < 0.1, ** P < 0.05, and *** P < 0.001. 
Grasses, shrubs and rare species responded to precipitation-variability treatments in different 
ways through time (Fig. 4, supporting online text SM4). Grasses showed a time trend 
consistently significant from the second time period until the end of the experiment (Fig. 4B). On 
the other hand, shrub and rare species yielded lagged-temporal responses where increased 
precipitation variation treatments were different from control only by the end of the experiment 
(Fig. 4C and D; SM4). I argue that these responses result from two mechanisms: first, contrasting 
root distribution and second, species interactions. Shrubs have deep roots and use water stored in 
deep soil layers (Sala et al. 1992) while grasses have relatively shallow roots (Jackson et al. 
1996) and use soil water stored in upper layers of the soil. These contrasting rooting patterns 
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determine the volume of soil explored by each plant-functional type. Shrubs explore a relatively 
large volume of soil that buffers the effect of interannual precipitation variation allowing this 
plant-functional type to resist drought and take advantage of wet years. Grasses explore a 
relatively small soil volume that is also highly variable due to the strong influence of evaporation 
from top soil layers explaining the negative and early response of grasses (Fig. 4B). 
 The second mechanism explaining lags in the response to enhanced precipitation variability 
is associated with the interactions among grasses, shrubs and rare species. I run a structural 
equation model in order to specifically test the effect dominant-grass ANPP on the productivity 
of shrub and rare species (Fig. 5). The model shows non-significant direct effects of precipitation 
on shrub and rare-species ANPP but positive indirect effects of precipitation variation through its 
negative effect on grasses (Supporting online text SM5). This result supports the idea that shrubs 
and rare species benefit from diminished dominance of perennial grasses under high precipitation 
variation. During wet years following dry years, grasses do not hold enough structures to 
efficiently use available resources in the upper layers of the soil. Therefore, underutilized 
resources may percolate deep in the soil profile increasing the pool of available water for shrubs 
(Sala et al. 1989b). My work points out to the importance of biotic mechanisms through 
differential responses to annual precipitation that trigger community dynamics mechanisms 
through interactions among plant-functional types (Hallett et al. 2013) that ultimately determine 
the multi-year ecosystem response. 
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11  Structural Equation Model Testing for Direct and Indirect Effects of Precipitation Mean and Coefficient of Variation on Plant-Functional Type Productivity 
Fig. 5. Structural equation model of plant-functional type interactions. Effect of 
dominant perennial-grass ANPP (Pgrass) on shrub and rare-species ANPP. The model includes 
the direct effect of precipitation variation and mean on perennial grasses, the direct effect of 
precipitation variation on shrub ANPP and the direct effect of mean precipitation on rare species 
because they were significant in previous analyses (Supporting online text SM2). Indirect effects 
of precipitation variation and mean through grass ANPP on shrubs and rare species ANPP were 
included in order to determine the influence of the dominant plant-functional type ANPP on 
other groups. Path coefficients are standardized by the mean so they are comparable to each 
other. Green single-headed arrows mean positive effect and red single-headed arrows mean 
negative effects. Double headed arrows imply non-causal correlation. Indirect effects result from 
the multiplication of two consecutive direct effects. The model is well supported by my data (χ2 
= 1.28, df = 2, P = 0.53). Other goodness of fit measures also support this model (RMSE < 
0.0001, P = 0.57; SRMR = 0.03, CFI = 1.000, TLI = 1.09). Detailed description of analysis and 
output (Supporting online text SM5). Significance codes mean: ns not significant, * P < 0.1, ** 
P < 0.05, and *** P < 0.001 
My results demonstrate the importance of the increase in precipitation variance on the 
functioning of grassland ecosystems. Whether the effect is positive or negative will be 
determined by the weighed sum of the effects on each plant-functional type highlighting the 
importance of functional diversity (Chapin et al. 1997). If precipitation change impacts the 
abundance of a dominant plant-functional type, it is more likely to affect overall ANPP than 
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effects on rare plant-functional types because dominant species account for most ecosystem 
functioning (Sala et al. 1996) and determine the performance of subordinate plant-functional 
types through community dynamics (Walker et al. 1999b, Sasaki and Lauenroth 2011).  
The magnitude of the reduction in primary production due to increased precipitation variance 
is considerably large. ANPP in high precipitation-variance treatments decreased 37%; where 
grass ANPP decreased 87%, shrub ANPP increased 117% and rare-species ANPP increased 12% 
compared to control ANPP in the fifth year of the experiment. I demonstrated that ecosystem 
response to precipitation variance increases through time along the five years of my experiment. 
The effect of further ecosystem exposure to high interannual precipitation variance is still 
uncertain; it may lead to a plateau or continue non-linear trajectories. If the decline of dominant 
grass species continues, the ecosystem may collapse and transform into a new system of lower 
diversity and productivity dominated by shrubs (Archer 2010) and experiencing enhanced 
erosion (Schlesinger et al. 1990). Arid and semiarid ecosystems occupy a large fraction of the 
global terrestrial land so these drastic impacts of climate change may have global consequences 
(Poulter et al. 2014).  
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Section SM1- Methods 
Site description 
The experiment was carried out at the Jornada Basin Long Term Ecological Research site 
(32.5ºN, 106.8ºW, 1188 m above sea level) in New Mexico, USA. Long-term mean annual 
precipitation is 248 mm with a coefficient of variation for a five-year time window of 38 % that 
ranges from 9% to 69%. The desert grassland under study is dominated by Bouteloua eriopoda 
(Torr.) with presence of Prosopis glandulosa Torr. Soils are coarse-textured and present a 
petrocalcic horizon at depths ranging from 64-76 cm (Havstad et al. 2006).  
Experimental design 
I increased interannual precipitation variance by alternating rainfall interception and 
irrigation for five years switching treatments every spring before the growing season started.  My 
treatments were designed to be relative to ambient precipitation so I kept the number and timing 
of rainfall pulses under natural conditions and constant across treatments. The reasoning behind 
my design was to isolate the effect of precipitation variance from the effects of pulse number and 
timing studied elsewhere. With this design, I also kept constant among plots all other climatic 
factors. I used an automated rainfall manipulation system ARMS (Gherardi and Sala 2013) that 
consisted of rainout shelters (Yahdjian and Sala 2002) that collected either 50% or 80% of the 
incoming rainfall from exclusion plots and diverted it by means of a solar-powered pump to 
irrigation plots, control plots received ambient precipitation throughout the duration of the 
experiment. See (Yahdjian and Sala 2002, Gherardi and Sala 2013) for details. 
My experiment consisted of ten replicates of five levels of precipitation interannual variance 
totaling 50 plots of 2.5 m by 2.5 m that were trenched down to sixty cm or to petrocalcic layer 
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and lined with six mil PVC film to prevent lateral movement of water and roots in or out of the 
plots. 
Response variables 
ANPP: Plant-species were classified into functional types on the basis of their morphology, 
phenology and contribution to total productivity. Annual grasses, forbs and subshrubs were 
grouped together because their low biomass, small contribution to ANPP and episodic growth 
and reproduction. Perennial grasses were grouped together as the main component of the 
ecosystem productivity and as perennials. The shrub species present in my study formed a 
separate group because of deep root distribution and as a long lived perennial species. 
In order to avoid clipping effects in this multi-year experiment, I estimated ANPP utilizing a 
non-destructive method that uses plant species cover and shrub volume (Flombaum and Sala 
2007) as proxies for ANPP. I estimated herbaceous species plant cover to a one cm precision on 
three 2.5 m permanent cover lines per plot and shrub volume was estimated by measuring two 
perpendicular diameters and height. Aboveground net primary production was derived using 
allometric equations for each plant functional type developed on site. In the case of rare species I 
did allometric calibrations for  annual grasses, forbs and sub-shrubs and estimated cover and 
harvested nine 20 cm by 40 cm quadrats of nine species (3 annual grasses, 3 forbs and 3 sub-
shrubs) totaling 81 quadrats at peak biomass. Twenty 0.2 m by 1 m quadrats were double-
sampled for perennial grasses. Biomass-cover regressions were run forcing the intercept to zero 
and slope estimates were used to transform species cover into ANPP. I also developed a shrub 
allometric equation harvesting one quarter of 24 shrubs. I sorted for current year biomass, dried 
the samples and fit a regression model of obtained biomass values against shrub volume (Fig. 
S1). I am confident of my ANPP estimation method because it matches long term measurements 
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done with a different method at a similar site within the Jornada LTER. For example, in 2009 the 
mean ANPP for my control plots was 104.8 g m
-2
 yr
-1
 and ANPP for the IBPE site (similar 
vegetation structure to my site) was 103.2 g m
-2
 yr
-1
. 
 
12  Allometric Regressions Aboveground Net Primary Production to Cover of 5 Plant-Functional Types 
Fig. S1. ANPP allometric regressions for five different plant functional types. Plant species 
biomass as a function of cover at peak biomass for five functional types. A-C) Represent rare 
species and its 3 sub-groups: annual grasses, forbs and sub-shrubs, D) all perennial grasses 
combined and E) regression between shrub volume and biomass.  
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Soil moisture: I measured soil moisture in the top 30 cm of the soil profile every 30 minutes 
in four replicates of each treatment using Campbell Scientific CS625 probes and the data was 
logged onto CR200x data loggers during the last three years of the experiment (Fig. S2).  
 
13  Volumetric Soil Water Content from 0 to 30 cm across Five Rainfall Manipulation Treatments for 3 Consecutive Growing Seasons 
Fig. S2. Soil moisture across treatments during three growing seasons. Volumetric soil water 
content in the top 30 cm of the soil profile. Different colors indicate treatments, plots 
corresponding to the purple line alternated 80% rainfall manipulation starting from rainfall 
addition, plots corresponding to the red line alternated 50% rainfall manipulation also starting 
from addition, plots corresponding to blue and orange lines alternated 80% and 50% rainfall 
manipulation but started from rainfall interception. Control plots corresponding to the green line 
received ambient precipitation. 
Statistical analyses 
I analyzed the effect of interannual precipitation variability and mean precipitation on mean 
productivity for the five years of the experiment. Since two variables were not correlated 
(r(48)=0.07, P = 0.59, Supporting online text SM2) I did a multiple regression analyses including 
both precipitation variability and mean and tested for their effects and interaction. I ran four 
analyses, one for total ANPP and one for each plant-functional type (SM2). 
In order to test the effect of time on plant functional-type response to precipitation variability 
I pooled my data into two-year time periods resulting on a time series of four time periods. This 
allowed me to have one irrigated and one drought year on each treatment for each time period 
and also to have a precipitation variability value for each time period and each treatment. Testing 
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over individual year may have led me to significant differences due to extremely wet or dry years 
confounding my interpretation of precipitation variability effect. Then, I fitted a full model 
including precipitation variability treatment, precipitation mean for each time period, and linear 
and quadratic terms for time. Using stepwise AIC criterion I selected the best model from 
combinations of all explanatory variables included in the full model. These analyses allowed me 
to understand if precipitation variability or mean were more or less important for each plant 
functional type and to know a little more about the time trend. Then, I ran repeated measures 
ANOVA to test for overall effects and sliced ANOVA on each time period to test for treatment 
effects within each time step (Supporting online text SM3). 
In order to explore differential responses I did regression analyses of ANPP of the three 
plant-functional types as a function of growing season precipitation. For these analyses I only 
considered control plots because I wanted to test for differential responses to water availability 
under un-manipulated conditions. Treated plots would show responses conditioned by the 
treatments and would mask characteristic responses of plant-functional types (Supporting online 
text SM4). 
I fit a structural equation model in order to test the indirect effect of precipitation variance on 
the productivity of shrubs and rare species (Fig. 5). Direct effects of precipitation mean and 
variance on perennial grass ANPP were included while only precipitation-variance direct effect 
was included for shrub and rare species based on the significance of multiple regression analyses 
(Supporting online text SM2). Results indicate that the effect of precipitation variance on shrub 
and rare-species is not significant, P-values of 0.42 and 0.60 respectively, while the effect of 
perennial-grass ANPP was marginally significant (P = 0.053) on shrub ANPP and significant (P 
= 0.001) on rare-species ANPP (Supporting online text SM5). 
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I performed all analyses and created all figures using R version 3.0.2 (R Core Team 2013). I 
ran packages: MASS (Venables and Ripley 2002), car (Fox and Weisberg 2011), psych (Revelle 
2013), doBy (Højsgaard et al. 2011), scatterplot3d (Ligges and Mächler 2002), lavaan (Yves 
2012), and semPlot. 
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Section SM2- Mean Five-Year Response Statistical Analyses 
Analysis of five-year mean ANPP as a function of precipitation mean and precipitation 
coefficient of variation for five precipitation-CV treatments and 3 plant functional types 
Full Model for total ANPP: 
ANPP mean (5 years) = b0 + b1 PPT mean (5 years) + b2 PPT CV (5 years) 
Total ANPP analysis: 
I fit a linear regression including both precipitation mean and variation. Both precipitation 
mean and coefficient of variation are included in the model because both variables are not highly 
correlated: 
 Pearson's product-moment correlation 
data:  anpp$meanPPT and anpp$pptCV 
t = 0.5294, df = 48, p-value = 0.599 
alternative hypothesis: true correlation is not equal to 0 
95 percent confidence interval: 
 -0.2065404  0.3471727 
sample estimates: 
       cor  
0.07618729 
 
Regression analysis: 
Call: 
lm(formula = anpp$total ~ anpp$pptCV + anpp$meanPPT) 
Residuals: 
    Min      1Q  Median      3Q     Max  
-41.704 -15.339  -0.662  13.379  47.104  
Coefficients: 
             Estimate Std. Error t value Pr(>|t|)     
(Intercept)  132.6031    19.9599   6.643 2.84e-08 *** 
anpp$pptCV    -0.6714     0.1474  -4.554 3.73e-05 *** 
anpp$meanPPT   0.2989     0.1439   2.077   0.0433 *   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
Residual standard error: 22.44 on 47 degrees of freedom 
Multiple R-squared:  0.3357, Adjusted R-squared:  0.3074  
F-statistic: 11.88 on 2 and 47 DF,  p-value: 6.692e-05 
 
Grass ANPP regression analysis: 
Call: 
lm(formula = anpp$Pgrass ~ anpp$pptCV + anpp$meanPPT) 
Residuals: 
    Min      1Q  Median      3Q     Max  
-55.755 -18.737  -2.375  15.179  58.734  
Coefficients: 
             Estimate Std. Error t value Pr(>|t|)     
(Intercept)  107.7328    23.0569   4.672 2.52e-05 *** 
anpp$pptCV    -0.8660     0.1703  -5.085 6.30e-06 *** 
anpp$meanPPT   0.2941     0.1663   1.769   0.0834 .   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 25.92 on 47 degrees of freedom 
Multiple R-squared:  0.3715, Adjusted R-squared:  0.3448  
F-statistic: 13.89 on 2 and 47 DF,  p-value: 1.821e-05 
Shrub ANPP regression analysis: 
Call: 
lm(formula = anpp$prgl ~ anpp$pptCV + anpp$meanPPT) 
Residuals: 
     Min       1Q   Median       3Q      Max  
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-14.7587  -7.6671   0.2439   4.5837  27.1584  
Coefficients: 
             Estimate Std. Error t value Pr(>|t|)   
(Intercept)   5.49954    7.94171   0.692   0.4920   
anpp$pptCV    0.13176    0.05865   2.246   0.0294 * 
anpp$meanPPT  0.01974    0.05727   0.345   0.7319   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 8.929 on 47 degrees of freedom 
Multiple R-squared:  0.1016, Adjusted R-squared:  0.06335  
F-statistic: 2.657 on 2 and 47 DF,  p-value: 0.08068 
 
Rare species regression analysis: 
Call: 
lm(formula = anpp$rare ~ anpp$pptCV + anpp$meanPPT) 
Residuals: 
    Min      1Q  Median      3Q     Max  
-13.550  -7.202  -2.460   7.297  18.866  
Coefficients: 
             Estimate Std. Error t value Pr(>|t|)   
(Intercept)  19.37082    7.77241   2.492   0.0163 * 
anpp$pptCV    0.06284    0.05740   1.095   0.2792   
anpp$meanPPT -0.01493    0.05605  -0.266   0.7912   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 8.739 on 47 degrees of freedom 
Multiple R-squared:  0.02555, Adjusted R-squared:  -0.01592  
F-statistic: 0.6161 on 2 and 47 DF,  p-value: 0.5444 
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Section SM3- ANPP Response to Growing Season Precipitation for each Plant-Functional 
Type  
 
I fit three different models: (lmo) a linear model, (NLM) a second order polynomial model 
and (NLM2) a quadratic model. Then, I selected the best fit based on AIC and BIC scores. 
Total  
Linear model: Simple linear regression 
Call: 
lm(formula = total ~ ppt, data = ANPPc) 
 
Residuals: 
    Min      1Q  Median      3Q     Max  
-73.222 -19.844  -1.256  21.164 111.687  
 
Coefficients: 
            Estimate Std. Error t value Pr(>|t|)     
(Intercept) 71.95143   12.17909   5.908 3.47e-07 *** 
ppt          0.52287    0.09649   5.419 1.91e-06 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 35.92 on 48 degrees of freedom 
Multiple R-squared:  0.3796, Adjusted R-squared:  0.3666  
F-statistic: 29.37 on 1 and 48 DF,  p-value: 1.909e-06 
 
Non-linear model: Second order polynomial 
Formula: total ~ a * ppt + b * (ppt^2) 
 
Parameters: 
    Estimate Std. Error t value Pr(>|t|)     
a  1.7684465  0.1212788  14.582  < 2e-16 *** 
b -0.0044564  0.0007034  -6.335 7.69e-08 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 34.83 on 48 degrees of freedom 
 
Number of iterations to convergence: 1  
Achieved convergence tolerance: 1.282e-06 
 
Non-linear model 2: quadratic 
Formula: total ~ a + b * (ppt^2) 
 
Parameters: 
   Estimate Std. Error t value Pr(>|t|)     
a 1.039e+02  7.685e+00  13.520  < 2e-16 *** 
b 1.760e-03  3.531e-04   4.984 8.52e-06 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 37.02 on 48 degrees of freedom 
Number of iterations to convergence: 1  
Achieved convergence tolerance: 2.595e-06 
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Model selection output 
 
     df    AIC 
lmo   3  503.9749 
NLM   3  500.9129 
NLM2  3  506.9904 
 
      df    BIC 
lmo   3  509.7110 
NLM   3  506.6490 
NLM2  3  512.7265 
 
I chose the second order polynomial model to explain total ANPP response to annual 
precipitation. 
 
Perennial grasses 
Linear model: Simple linear regression 
Call: 
lm(formula = Pgrass ~ ppt, data = ANPPc) 
Residuals: 
    Min      1Q  Median      3Q     Max  
-67.424 -28.150   2.931  26.506 110.109  
Coefficients: 
            Estimate Std. Error t value Pr(>|t|)     
(Intercept)  85.7487    12.8457   6.675 2.31e-08 *** 
ppt           0.1435     0.1018   1.410    0.165     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 37.88 on 48 degrees of freedom 
Multiple R-squared:  0.03977, Adjusted R-squared:  0.01976  
F-statistic: 1.988 on 1 and 48 DF,  p-value: 0.165 
 
Non-linear model: Second order polynomial 
Formula: Pgrass ~ a * ppt + b * (ppt^2) 
Parameters: 
    Estimate Std. Error t value Pr(>|t|)     
a  1.6177011  0.1283963  12.599  < 2e-16 *** 
b -0.0052484  0.0007447  -7.048 6.21e-09 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 36.88 on 48 degrees of freedom 
Number of iterations to convergence: 1  
Achieved convergence tolerance: 1.13e-06 
 
Non-linear model 2: quadratic 
Formula: Pgrass ~ a + b * (ppt^2) 
Parameters: 
   Estimate Std. Error t value Pr(>|t|)     
a 9.545e+01  7.914e+00  12.061 3.89e-16 *** 
b 4.241e-04  3.637e-04   1.166    0.249     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 38.12 on 48 degrees of freedom 
Number of iterations to convergence: 1  
Achieved convergence tolerance: 7.61e-07 
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Model selection output 
     df      AIC 
lmo   3 509.3034 
NLM   3 506.6158 
NLM2  3 509.9355 
 
     df      BIC 
lmo   3 515.0395 
NLM   3 512.3519 
NLM2  3 515.6716 
 
I chose the second order polynomial model to explain perennial grass ANPP response 
 
Shrub 
Linear model: Simple linear regression 
Call: 
lm(formula = prgl ~ ppt, data = ANPPc) 
Residuals: 
    Min      1Q  Median      3Q     Max  
-13.852  -5.431  -3.081   5.527  20.700  
Coefficients: 
            Estimate Std. Error t value Pr(>|t|)    
(Intercept)  4.28455    2.67538   1.601  0.11583    
ppt          0.07379    0.02120   3.481  0.00107 ** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 7.89 on 48 degrees of freedom 
Multiple R-squared:  0.2016, Adjusted R-squared:  0.185  
F-statistic: 12.12 on 1 and 48 DF,  p-value: 0.001073 
 
Non-linear model: Second order polynomial 
Formula: prgl ~ a * ppt + b * (ppt^2) 
Parameters: 
    Estimate Std. Error t value Pr(>|t|)     
a  0.1410064  0.0276436   5.101 5.71e-06 *** 
b -0.0002228  0.0001603  -1.389    0.171     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 7.94 on 48 degrees of freedom 
Number of iterations to convergence: 1  
Achieved convergence tolerance: 1.103e-06 
 
Non-linear model 2: quadratic 
Formula: prgl ~ a + b * (ppt^2) 
Parameters: 
   Estimate Std. Error t value Pr(>|t|)     
a 8.5383861  1.6342829   5.225 3.74e-06 *** 
b 0.0002643  0.0000751   3.520 0.000957 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 7.872 on 48 degrees of freedom 
Number of iterations to convergence: 1  
Achieved convergence tolerance: 1.846e-06 
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Model selection output 
     df      AIC 
lmo   3 352.4120 
NLM   3 353.0430 
NLM2  3 352.1879 
 
     df      BIC 
lmo   3 358.1481 
NLM   3 358.7791 
NLM2  3 357.9240 
 
I chose the quadratic model to explain shrub ANPP response 
 
Rare species 
Linear model: Simple linear regression 
Call: 
lm(formula = rare ~ ppt, data = ANPPc) 
Residuals: 
    Min      1Q  Median      3Q     Max  
-21.279  -5.103  -1.657   2.262  41.098  
Coefficients: 
            Estimate Std. Error t value Pr(>|t|)     
(Intercept) -18.0818     3.8622  -4.682 2.36e-05 *** 
ppt           0.3056     0.0306   9.987 2.64e-13 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 11.39 on 48 degrees of freedom 
Multiple R-squared:  0.6751, Adjusted R-squared:  0.6683  
F-statistic: 99.75 on 1 and 48 DF,  p-value: 2.641e-13 
 
Non-linear model: Second order polynomial 
Formula: rare ~ a * ppt + b * (ppt^2) 
Parameters: 
   Estimate Std. Error t value Pr(>|t|)     
a 0.0097387  0.0406558   0.240    0.812     
b 0.0010148  0.0002358   4.304 8.23e-05 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 11.68 on 48 degrees of freedom 
 
Number of iterations to convergence: 1  
Achieved convergence tolerance: 5.141e-07 
R
2
 = 0.66 
Non-linear model 2: quadratic 
Formula: rare ~ a + b * (ppt^2) 
Parameters: 
    Estimate Std. Error t value Pr(>|t|)     
a -0.0931368  2.4256143  -0.038     0.97     
b  0.0010714  0.0001115   9.613 9.08e-13 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
Residual standard error: 11.68 on 48 degrees of freedom 
 
Number of iterations to convergence: 1  
Achieved convergence tolerance: 1.303e-06 
R
2
 = 0.66 
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Model selection output 
     df      AIC 
lmo   3 389.1270 
NLM   3 391.6178 
NLM2  3 391.6760 
 
     df      BIC 
lmo   3 394.8631 
NLM   3 397.3539 
NLM2  3 397.4121 
 
I chose the linear model to explain rare species ANPP response  
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Section SM4- Temporal Response Statistical Analyses 
Full Model for total ANPP: 
ANPP mean (t+t1) = b0 + b1 PPT mean (t1+t2) + b2 PPT CV (t1+t2) + b3 Time + b4 Time
2
 
 
I performed model selection by AIC using the setpAIC function in the MASS package in R  
Stepwise Model Path  
Analysis of Deviance Table 
 
Initial Model: 
total ~ meanppt + pptCV + time + time2 
 
Final Model: 
total ~ meanppt + pptCV + time 
 
     Step Df Deviance Resid. Df Resid. Dev      AIC 
1                           195   163933.7 1351.780 
2 - time2  1 80.74793       196   164014.5 1349.879 
 
After this analysis, I drooped the quadratic term for time and kept linear time and ran repeated 
measures analysis. 
Error: plot 
        Df Sum Sq Mean Sq 
meanppt  1  959.3   959.3 
Error: Within 
            Df Sum Sq Mean Sq F value   Pr(>F)     
meanppt      1   7533    7533   9.231  0.00271 **  
pptCV        1  32169   32169  39.422 2.19e-09 *** 
time         1  35842   35842  43.924 3.29e-10 *** 
pptCV:time   1   5053    5053   6.192  0.01367 *   
Residuals  194 158307     816 
 
 
Sliced ANOVA analyses for each time period 
I performed ANOVAs for each time period among treatments.  
Time period 1: Total ANPP as a function of treatment and mean precipitation for the years 2009-
2010 
           Df Sum Sq Mean Sq F value Pr(>F) 
treat        4   4843  1210.8   1.538  0.207 
Residuals   45  35436   787.5 
 
Time period 2: Total ANPP as a function of treatment and mean precipitation for the years 2010-
2011 
            Df Sum Sq Mean Sq F value Pr(>F)   
treat        4  10047  2511.7   3.651 0.0117 * 
Residuals   45  30955   687.9  
 
Time period 3: Total ANPP as a function of precipitation CV and mean for the years 2011-2012 
            Df Sum Sq Mean Sq F value   Pr(>F)     
treat        4  25067    6267   7.655 8.57e-05 *** 
Residuals   45  36842     819 
 
Time period 4: Total ANPP as a function of precipitation CV and mean for the years 2012-2013 
            Df Sum Sq Mean Sq F value   Pr(>F)     
treat        4  16785    4196    6.76 0.000238 *** 
Residuals   45  27935     621  
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The same procedure was followed for each plant functional type. 
Perennial grasses: 
Stepwise Model Path  
Analysis of Deviance Table 
 
Initial Model: 
Pgrass ~ meanppt + pptCV + time + time2 
 
Final Model: 
Pgrass ~ meanppt + pptCV + time2 
 
 
    Step Df Deviance Resid. Df Resid. Dev      AIC 
1                          195   213381.8 1404.504 
2 - time  1 2.850131       196   213384.7 1402.507 
 
Repeated measures analysis: 
Error: plot 
        Df Sum Sq Mean Sq 
meanppt  1   6899    6899 
Error: Within 
             Df Sum Sq Mean Sq F value   Pr(>F)     
meanppt       1   4049    4049   3.829   0.0518 .   
pptCV         1  29357   29357  27.761 3.63e-07 *** 
time2         1 110160  110160 104.171  < 2e-16 *** 
pptCV:time2   1   1774    1774   1.677   0.1968     
Residuals   194 205154    1057 
 
Sliced ANOVA for each time period 
Time period 1: grass ANPP as a function of variability treatment for the years 2009-2010 
            Df Sum Sq Mean Sq F value Pr(>F) 
treat        4   6304  1576.0   1.735  0.159 
Residuals   45  40872   908.3 
 
Time period 2: grass ANPP as a function of variability treatment for the years 2010-2011 
            Df Sum Sq Mean Sq F value Pr(>F)   
treat        4  13857    3464   3.105 0.0244 * 
Residuals   45  50214    1116 
 
Time period 3: grass ANPP as a function of variability treatment for the years 2011-2012 
            Df Sum Sq Mean Sq F value  Pr(>F)     
treat        4  30538    7634   7.158 0.00015 *** 
Residuals   45  47996    1067 
 
Time period 4: grass ANPP as a function of variability treatment for the years 2012-2013 
            Df Sum Sq Mean Sq F value   Pr(>F)     
treat        4  38704    9676   15.78 3.84e-08 *** 
Residuals   45  27591     613  
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Shrubs: 
Stepwise Model Path  
Analysis of Deviance Table 
 
Initial Model: 
prgl ~ meanppt + pptCV + time + time2 
 
Final Model: 
prgl ~ pptCV + time2 
 
       Step Df  Deviance Resid. Df Resid. Dev      AIC 
1                              195   22616.57 955.6242 
2    - time  1  1.877766       196   22618.45 953.6408 
3 - meanppt  1 19.589525       197   22638.04 951.8139 
 
Repeated measures analysis: 
Error: plot 
      Df Sum Sq Mean Sq 
pptCV  1  7.368   7.368 
Error: Within 
             Df Sum Sq Mean Sq F value  Pr(>F)     
pptCV         1   1179    1179   10.17 0.00167 **  
time2         1   9600    9600   82.82 < 2e-16 *** 
pptCV:time2   1     29      29    0.25 0.61768     
Residuals   195  22604     116  
 
Sliced ANOVA for each time period 
Time period 1: shrub ANPP as a function of variability treatment for the years 2009-2010 
            Df Sum Sq Mean Sq F value Pr(>F) 
treat        4  144.4   36.11   1.475  0.226 
Residuals   45 1101.3   24.47 
 
Time period 2: shrub ANPP as a function of variability treatment for the years 2010-2011 
            Df Sum Sq Mean Sq F value Pr(>F) 
treat        4  107.8   26.94   0.555  0.697 
Residuals   45 2185.3   48.56           
 
Time period 3: shrub ANPP as a function of variability treatment for the years 2011-2012 
            Df Sum Sq Mean Sq F value Pr(>F)   
treat        4   1046   261.5   2.177 0.0869 . 
Residuals   45   5405   120.1   
 
Time period 4: shrub ANPP as a function of variability treatment for the years 2012-2013 
            Df Sum Sq Mean Sq F value Pr(>F)   
treat        4   2135   533.7   2.082  0.099 . 
Residuals   45  11538   256.4  
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Rare species: 
Stepwise Model Path  
Analysis of Deviance Table 
Initial Model: 
rare ~ meanppt + pptCV + time + time2 
Final Model: 
rare ~ meanppt + time + time2 
     Step Df Deviance Resid. Df Resid. Dev      AIC 
1                           195   27818.37 997.0269 
2 - pptCV  1 122.5938       196   27940.97 995.9064 
 
I also used AIC to drop one of the time terms from my model. 
Time2_Model<-lm(rare~meanppt*time2,data=year2ANPP) 
Time_Model<-lm(rare~meanppt*time,data=year2ANPP) 
            df      AIC 
Time2_Model  5 1554.192 
Time_Model   5 1564.759 
 
Repeated measures analysis: 
Error: plot 
        Df Sum Sq Mean Sq 
meanppt  1   3003    3003 
Error: Within 
               Df Sum Sq Mean Sq F value   Pr(>F)     
meanppt         1   9822    9822   80.83  < 2e-16 *** 
time2           1   3292    3292   27.10 4.89e-07 *** 
meanppt:time2   1   1763    1763   14.51 0.000187 *** 
Residuals     195  23694     122 
 
Sliced ANOVA for each time period 
Time period 1: rare species ANPP as a function of mean precipitation for the years 2009-2010 
            Df Sum Sq Mean Sq F value  Pr(>F)    
treat        4   2312   578.1   4.739 0.00281 ** 
Residuals   45   5488   122.0 
 
Time period 2: rare species ANPP as a function of mean precipitation for the years 2010-2011 
            Df Sum Sq Mean Sq F value Pr(>F) 
treat        4    150   37.46   0.263    0.9 
Residuals   45   6398  142.19 
 
Time period 3: rare species ANPP as a function of mean precipitation for the years 2011-2012 
            Df Sum Sq Mean Sq F value  Pr(>F)    
treat        4   1033  258.17   3.944 0.00792 ** 
Residuals   45   2946   65.47 
 
Time period 4: rare species ANPP as a function of mean precipitation for the years 2012-2013 
            Df Sum Sq Mean Sq F value Pr(>F)   
treat        4   1742   435.5   3.279 0.0192 * 
Residuals   45   5977   132.8 
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Section SM5- Structural Equation Modeling 
I fitted a model including direct effects that were significant in overall analyses (SM2) and 
indirect effects of precipitation through perennial grass ANPP. I used the sem() function in the 
lavaan (Yves 2012) package in R (R Core Team 2013). 
 
Model syntax: 
# Regression term accounting for the direct effect of precipitation mean and variance on 
perennial grass ANPP 
'Pgrass ~ a*PPT_var + b*PPT_mean  
# Regression term accounting for the direct effect of precipitation variance and indirect effect 
of perennial grass ANPP on shrub ANPP 
shrub ~ c*Pgrass + d*PPT_var 
# Regression term accounting for the direct effect of precipitation mean and indirect effect of 
perennial grass ANPP on rare ANPP 
rare ~ e*Pgrass + f*PPT_mean 
# These last two terms test for the significance of the indirect effects 
# Precipitation variance through perennial grass ANPP on shrub ANPP 
ac := a*c 
# Precipitation mean through perennial grass ANPP on rare ANPP 
ae := a*e' 
Model output 
lavaan (0.5-16) converged normally after  14 iterations 
  Number of observations                            50 
  Number of missing patterns                         1 
 
  Estimator                                         ML 
  Minimum Function Test Statistic                1.283 
  Degrees of freedom                                 2 
  P-value (Chi-square)                           0.526 
 
Model test baseline model: 
  Minimum Function Test Statistic               45.910 
  Degrees of freedom                                 9 
  P-value                                        0.000 
 
User model versus baseline model: 
  Comparative Fit Index (CFI)                    1.000 
  Tucker-Lewis Index (TLI)                       1.087 
 
Loglikelihood and Information Criteria: 
  Loglikelihood user model (H0)               -329.716 
  Loglikelihood unrestricted model (H1)       -329.074 
 
  Number of free parameters                         13 
  Akaike (AIC)                                 685.432 
  Bayesian (BIC)                               710.288 
  Sample-size adjusted Bayesian (BIC)          669.483 
 
 
Root Mean Square Error of Approximation: 
  RMSEA                                          0.000 
  90 Percent Confidence Interval          0.000  0.246 
  P-value RMSEA <= 0.05                          0.567 
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Standardized Root Mean Square Residual: 
  SRMR                                           0.031 
 
Parameter estimates: 
  Information                                 Observed 
  Standard Errors                             Standard 
 
                   Estimate  Std.err  Z-value  P(>|z|) 
Regressions: 
  Pgrass ~ 
    PPT_var   (a)    -0.598    0.112   -5.351    0.000 
    PPT_mean  (b)     0.211    0.112    1.887    0.059 
  shrub ~ 
    Pgrass    (c)    -0.306    0.158   -1.938    0.053 
    PPT_var   (d)     0.127    0.156    0.810    0.418 
  rare ~ 
    Pgrass    (e)    -0.423    0.130   -3.240    0.001 
    PPT_mean  (f)     0.066    0.128    0.515    0.606 
 
Covariances: 
  shrub ~~ 
    rare             -0.186    0.120   -1.547    0.122 
 
Intercepts: 
    Pgrass           -0.000    0.110   -0.000    1.000 
    shrub            -0.000    0.128   -0.000    1.000 
    rare              0.000    0.127    0.000    1.000 
 
Variances: 
    Pgrass            0.607    0.121 
    shrub             0.824    0.165 
    rare              0.813    0.163 
 
Defined parameters: 
    ac                0.183    0.101    1.822    0.068 
    ae                0.253    0.091    2.772    0.006 
 
R-Square: 
 
    Pgrass            0.380 
    shrub             0.156 
    rare              0.173 
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4 - ENHANCED INTERANNUAL PRECIPITATION VARIABILITY INCREASES PLANT-
FUNCTIONAL DIVERSITY THAT AMELIORATES NEGATIVE IMPACT ON 
PRODUCTIVITY 
Abstract 
Although projected increases in precipitation interannual variability are supported by recent 
climate-change assessments, effects of changes in the variance of annual precipitation have 
received considerable less attention than effects of changes in the mean state of climate. The 
effect of interannual precipitation variability on functional diversity and its consequences for 
ecosystem functioning are assessed here using a five-year long rainfall manipulation experiment. 
Five precipitation treatments were switched annually generating sequences of dry and wet years 
that resulted in five levels of precipitation variation. Functional diversity showed a positive 
response to increased interannual precipitation variability. Functional evenness showed a similar 
response resulting from changes in the relative abundance of plant-functional types including 
decreased grass and increased shrub productivity. Increased functional diversity ameliorated the 
negative effect of precipitation variance on aboveground net primary production and increased 
ecosystem stability.  
Introduction 
Climate change  will result in an increase in precipitation variance due to higher water-
holding capacity of a warmer atmosphere and changes in atmospheric circulation modes 
(Räisänen 2002, Wetherald 2010, Fischer et al. 2013, IPCC 2013). Increase precipitation 
variability will occur at intra-annual, interannual and decadal scales. Although the importance of 
extreme events is part of the public narrative and resulted in a special assessment from the 
Intergovernmental Panel on Climate Change on extreme events (IPCC 2012), the impacts of 
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climate variation on ecosystem structure and functioning have received much less attention than 
effects of changes in the mean state of climate. Most studies have focused on global warming, 
atmospheric CO2 concentration and drought effects overlooking precipitation variance per se as 
driver of environmental change. Here, I aim at studying the effect of interannual precipitation 
variance on plant-species diversity and its consequences for the functioning of a grassland 
ecosystem. 
The role of precipitation variation in promoting biodiversity in water-limited ecosystems is 
particularly relevant to predictions of global change models (Loik et al. 2004). Enhanced 
precipitation variability may affect species diversity and coexistence because of the differential 
nonlinear response of plant species to precipitation (Chesson et al. 2004). In order for several 
plant species to coexist, temporal variance of resource availability must result in different plant 
species being dominant at different points in time (Tilman and Pacala 1993).  Thus, a given 
species with the lowest resource equilibrium R* (Tilman 1982) should be less efficient than other 
species in utilizing pulses of high resource availability allowing other plant species to dominate 
resource acquisition during such periods and persist. Interannual precipitation variance 
determines the temporal heterogeneity of water availability through sequences of wet and dry 
years that allow for dominance tradeoffs among species. Therefore, temporal variance of a 
limiting resource such as water is likely to affect plant-species diversity (D’Odorico et al. 2008)  
that, in turn, impacts ecosystem processes (Tilman 1997, Loreau et al. 2001). 
Plant-functional types are groups of  species that share morphological and physiological 
characteristics that result in similar response to environmental conditions (Sala et al. 1997).The 
number of plant-functional types represented in an ecosystem is a better predictor of the rate of 
ecosystem processes than the number of species (Tilman et al. 1997a). Consequently, some 
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studies have focused specifically on functional diversity as determinant of ecosystem 
productivity and stability (Díaz and Cabido 2001, Cadotte et al. 2011). For example, a removal 
experiment demonstrated that primary productivity decreased with the reduction of dominant 
plant-functional type abundance but remained unchanged under rare species removal treatment 
(Smith and Knapp 2003). Here, I investigate the effect of precipitation interannual variability on 
functional diversity and its consequences for ecosystem functioning. 
Proposed mechanisms explaining the relationship between diversity and ecosystem 
productivity include deterministic processes, such as complementarity effect, and stochastic 
processes such as sampling effect (Tilman 1997, Loreau and Hector 2001). The complementarity 
effect consists of plant types that are functionally contrasting so they utilize resources through 
different strategies contributing to the thorough exploitation of available resources leading to 
enhanced productivity. The sampling effect results from the presence of a highly productive 
plant-functional type in the community that would in turn influence ecosystem productivity (Sala 
2001). Increased functional diversity increases the probability of complementarity among plant-
functional types and also the probability of including a very productive plant-functional type in 
the community. Changes in functional diversity due to altered precipitation variance may affect 
ecosystem functioning through differential responses of plant-functional types. 
Plant diversity also affects ecosystem temporal stability (Tilman et al. 2006) defined as the 
variance in a time series of abundance scaled by the mean and calculated as the temporal 
coefficient of variation (Tilman 1996). Diversity may affect ecosystem stability through a 
“portfolio effect” where increased diversity results in an ecosystem process to be carried out by 
multiple plant-functional types; where each type can either resist a particular disturbance or take 
advantage of favorable conditions buffering the effect of the resource availability variance 
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through time. On the other hand, the stability of dominant plant-functional types has been 
proposed as a mechanism explaining ecosystem stability in communities where the contribution 
to ecosystem productivity is not evenly distributed among plant types (Hillebrand et al. 2008). 
Because it contributes the largest proportion of the primary productivity of the site, the stability 
of the dominant plant-functional type will largely determine overall ecosystem stability. 
Therefore, diversity changes due to increased interannual precipitation variance may impact 
ecosystem stability in different directions. If the portfolio effect is the dominant mechanism, 
increased diversity would result in relatively high stability in response to sequences of dry and 
wet years. If ecosystem stability is tightly associated with the stability of the dominant plant-
functional type, functional diversity would have a null effect. 
Three hypotheses guided my work (1) increased temporal heterogeneity in annual 
precipitation increases functional diversity as a result of nonlinear responses of plant-functional 
types to precipitation. Therefore some plant-functional types outperform the other at different 
points in time when preferred environmental conditions prevail. Increased precipitation variance 
implies a decrease in the frequency of average precipitation conditions and increase in the 
frequency of extremely wet and dry years. Therefore, plant types that do best under rare wet or 
dry years will increase their relative abundance increasing functional diversity. (2) Enhanced 
functional diversity resulting from high precipitation variability increases ecosystem productivity 
despite direct effects of precipitation. Although precipitation variance may per se impact 
productivity, high functional diversity increases the probability of occurrence of species 
complementary sampling effects (Loreau and Hector 2001). Complementary use of resources 
leads to high resource use efficiency and increased productivity. Also, increased abundance of a 
highly productive plant type leads to high primary production. (3) Increased functional diversity 
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due to high precipitation variance enhances ecosystem stability. Plant types capable of exploiting 
extreme years compensate negative responses of plant types best adapted to average conditions 
buffering the effect of increased precipitation variance on ecosystem functioning. 
In order to test these hypotheses, I experimentally manipulated interannual precipitation 
variance applying sequences of wet and dry years. Precipitation manipulations consisted of five 
levels of precipitation: -80%, -50%, ambient, +50% and +80% relative to ambient precipitation. I 
switched these treatments every year resulting in 5 levels of interannual precipitation coefficient 
of variation and mean during a five-year period (Fig. 1). I estimated functional diversity, 
aboveground net primary production and stability using a non-destructive technic that derives 
biomass from cover (Flombaum and Sala 2007). My experimental design aimed at exploring the 
sensitivity of plant-functional diversity and ecosystem functioning to changes in precipitation 
variation instead of exploring specific scenarios. This approach will contribute to the 
understanding of responses to many projected changes in precipitation variance. 
Methods 
Site description 
The experiment was carried out in New Mexico, USA, at the Jornada Basin Long Term 
Ecological Research site (32.5ºN, 106.8ºW, 1188 m above sea level). A 100-year long climate 
record indicates a long-term mean growing-season precipitation of 105 mm with an average 
coefficient of variation for a five-year time window of 38% ranging from 9% to 69%. 
Specifically, my experimental site is located on desert grassland dominated by Bouteloua 
eriopoda (Torr.) with presence of Prosopis glandulosa Torr. Soils are coarse-textured with a 
petrocalcic horizon varying in depth from 64 to 76 cm (Havstad et al. 2006).  
Experimental design 
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In order to increase interannual precipitation variance, I alternated annual rainfall 
interception and irrigation treatments for five years. The first year, the experiment started with 5 
levels of rainfall manipulations (ambient, +80%, +50%, -50% and -80% of ambient precipitation, 
Fig. 1). During the second year, plots that received water addition in the first year, received 
drought treatment of the same proportion, and plots that received drought during the first year, 
received water addition treatment of the same proportion during the second year (-50% plots 
were inverted to +50%, +50% to -50%, -80% to +80%, and +80% plots to -80%). The third, 
fourth and fifth years received alternations of first and second year manipulations (Fig. 1). 
Because my treatments were relative to ambient precipitation, year to year natural precipitation 
variation determined the size of my manipulations resulting in five different levels of interannual 
precipitation variability (Fig. 1 inset table). These manipulation successfully modified soil water 
content in the top 30 cm of the soil profile (Supplementary Information 1, Fig. S1). I kept the 
number and timing of pulses under natural conditions and constant across treatments. The 
reasoning behind my design was to isolate the effect of year to year precipitation variance from 
the effects of pulse number and timing studied elsewhere. With this design, I also kept constant 
among plots all other climatic factors. I used an automated rainfall manipulation system (ARMS) 
(Gherardi and Sala 2013) that consisted of rainout shelters (Yahdjian and Sala 2002) that 
collected either 50% or 80% of the incoming rainfall from exclusion plots and diverted it by 
means of a solar-powered pump to irrigation plots, control plots received ambient precipitation. 
See Yahdjian and Sala (2002) and Gherardi and Sala (2013) for details. I used ten replicates 
totaling fifty plots of 2.5 m by 2.5 m that were trenched down to sixty cm or to petrocalcic layer 
and lined with six mil PVC film to prevent lateral movement of water and roots in or out of the 
plots.  
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14 Growing Season Precipitation Resulting from Rainfall Manipulations along the Duration of the Experiment for all Treatments 
Figure 1. Growing-season precipitation per treatment, including five different levels of 
precipitation manipulation +80%, +50%, ambient, -50% and -80% all relative to ambient 
precipitation resulting in five levels of precipitation variability. Treatments were switched every 
year from wet to dry and dry to wet. Different colors indicate different treatments and solid lines 
indicate ambient annual precipitation, plus-minus and minus-plus 50% treatments, and dashed 
lines indicate plus-minus and minus-plus 80% treatments. The thin black dashed line indicates 
the long-term mean growing season precipitation for reference. Inset legend indicates mean and 
coefficient of variation for growing season precipitation for each treatment received during the 
five years of the experiment. 
Response variables 
Plant-functional diversity: In order to have a thorough assessment of diversity changes, I 
calculated and analyzed results using both Shannon’s and Simpson’s indices using relative plant 
cover. I also estimated correspondent evenness for each index and plant-functional type richness. 
I estimated the diversity indices using the Hill numbers (Hill 1973): 
𝐷𝑞 = 1
√∑ (𝑝𝑖𝑝𝑖𝑞−1)
𝑆
𝑛=1
𝑞−1⁄
  
where pi is the proportion of each plant-functional type, S represents the number of types and 
q is an index that give more or less weight to rare and dominant species (Tuomisto 2010). I 
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calculated diversity using q= 1, that after taking log (
1D) equals Shannon’s index (H’). And, q= 2 
that can be transformed into the Simpson’s index (1/2D) (Tuomisto 2012). I estimated the 
proportion of each plant-functional type by adding the ground cover of each species within each 
plant-functional type. I measured herbaceous species plant cover to one cm precision on three 2.5 
m permanent cover lines per plot every year at peak biomass. 
Aboveground net primary production (ANPP): I derived ANPP using allometric equations 
for each plant-functional type developed on site (Flombaum and Sala 2007). For annual grasses, 
forbs and sub-shrubs, I double sampled nine 20 cm by 40 cm quadrats of nine species (3 annual 
grasses, 3 forbs and 3 sub-shrubs) by measuring plant cover and harvesting aboveground 
biomass, that I used to transform species cover into ANPP. I also developed a shrub allometric 
equation measuring two perpendicular diameters and height, to estimate shrub volume, and 
harvesting one quarter of 24 shrubs of varying sizes located right next to the experiment. I sorted 
for current-year biomass, dried samples and fit a regression model of obtained biomass values 
against shrub volume (Fig. S2). Twenty 0.2 m by 1 m quadrats were double-sampled, also near 
the experiment, for perennial grasses. Biomass-cover regressions were run forcing and slope 
estimates were used to transform plant cover into ANPP. I am confident of my ANPP estimation 
method because it matches long term measurements done with a different method. For example, 
in 2009 the mean ANPP for my control plots was 104.8 g m
-2
 yr
-1
 and ANPP for an LTER 
permanent NPP site, the IBPE site (similar vegetation structure to my site) was 103.2 g m
-2
 yr
-1
. 
Ecosystem stability: I estimated stability as the temporal ANPP coefficient of variation for 
each plot along the duration of the experiment. Although higher values mean less stability, this 
index is straight forward and has been traditionally used as a proxy for ecosystem stability. 
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Soil moisture: I measured soil moisture in the top 30 cm of the soil profile every 30 minutes 
in four replicates of each treatment using Campbell Scientific CS625 probes. Data were logged 
onto CR200x data loggers during the last three years of the experiment (Fig. S1).  
Statistical analyses 
I analyzed the effect of interannual precipitation coefficient of variation and five-year mean 
precipitation on functional diversity for the five years of the experiment. The two explanatory 
variables were not correlated (r(48) = 0.07, P = 0.59, see Supplementary Information 2) allowing 
me to run multiple regression analyses including both precipitation coefficient of variation and 
mean and test for their main effects and interaction. I ran analyses using Shanon’s (H’) and 
Simpson’s (1/2D) indices. I also tested the effect of precipitation variance and amount on plant-
functional diversity and evenness running similar analyses (see Supplementary Information 3). 
In order to explore differential responses, I did regression analyses of ANPP of dominant and 
rare plant-functional types as a function of growing season precipitation. I fitted three different 
models including a linear model, a second order polynomial model and a quadratic model. Then, 
I selected the best model using AIC and BIC scores (see Supplementary Information S4). 
I also fit two structural equation models (Grace 2006) to test for direct and indirect effects of 
precipitation variance and mean on ecosystem productivity. The model included precipitation 
mean and variance direct and indirect effects on ecosystem productivity through functional 
diversity and dominant plant-functional type productivity. I assessed model goodness of fit to 
experimental data using a Chi-square test and four other indicators including root mean square 
error (RMSE), root mean square residual (SRMR), Tucker Lewis index (TLI), and Comparative 
Fit Index (CFI) following previously reported cutoff values (Hu and Bentler 1999).  
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In order to further investigate the effect of plant-functional types on ANPP stability, I fit 
simple regression analyses of ANPP temporal coefficient of variation for each plant-functional 
type as a function of precipitation coefficient of variation for the five years of the experiment. I 
calculated the ANPP coefficient of variation for each plant-functional type and each plot through 
time and the precipitation coefficient of variation for each treatment.   
I performed all analyses and created all figures using R version 3.0.2 (R Core Team 2013). I 
ran packages: MASS (Venables and Ripley 2002), car (Fox et al. 2011), psych (Revelle 2013), 
doBy (Højsgaard et al. 2011) and scatterplot3d (Ligges and Mächler 2002). For the structural 
equation modeling I used the lavaan package (Yves 2012) and made structural equation model 
plots using semPlot package (Epskamp 2013). 
Results 
Mean five-year plant-functional diversity with precipitation interannual coefficient of 
variation (t (47) = 3.44, P = 0.001). On the contrary, mean precipitation throughout the five years 
of the experiment decreased diversity (t (47) = -2.01, P = 0.05; H’ = 0.35 + 0.0014 * PPT CV - 
0.001 * mean PPT   Fig. 2a). This diversity pattern was driven by changes in functional evenness 
that also showed a positive response to precipitation coefficient of variation (t (47) = 3.72, P < 
0.001) and a marginal negative response to mean precipitation (t (47) = -1.74, P = 0.09; Fig. 2b). 
On the other hand, plant-functional type richness did not respond to precipitation coefficient of 
variation (t (47) = -0.11, P = 0.91) nor to its five-year mean (t (47) = -0.74, P = 0.46; Fig. 2c). 
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15  Functional Diversity, Evenness and Richness as a Function of Precipitation Coefficient of Variation and Mean 
Figure 2. Effects of interannual precipitation variability and amount on functional 
diversity. (a) Five-year functional diversity Shannon’s index (H’) (z axis) as a function of 
precipitation coefficient of variation and mean precipitation for the 5-year period. (b) Functional 
evenness and (c) plant-functional type richness. Points indicate mean values (+/- SE) for each 
treatment. Different colors indicate treatments following figure 1, solid planes depict significant 
fitted models (dashed plane means no significant effects). 
The increased in evenness resulted from decreased relative abundance of perennial grasses, 
the dominant plant-functional type, and increased cover of all other plant-functional types. 
Relative abundance at the end of the experiment showed that, after five years, perennial grasses 
are still the dominant plant-functional type in the ambient precipitation treatment whereas 
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increased precipitation variance treatments showed a decrease in perennial-grass abundance and 
an increase in the abundance of all other plant-functional types (Fig. 3). 
 
16  Plant-Functional Type Relative Abundance across Precipitation Variation Treatments 
Figure 3. Plant functional type relative abundance. Mean functional-type relative 
abundance for the two last years of the experiment for five precipitation CV treatments. Orange 
color indicates dominant plant-functional type (perennial grass) and blue colors indicate rare 
functional types (Shrub, sub-shrub, annual grass and forb). 
In order to explore the existence of non-linear ANPP responses to precipitation of different 
plant-functional types during different years and across treatments, I standardized the ANPP of 
each plant-functional type by the yearly mean ANPP of each plant type. 
STD ANPP i y p  =  
ANPP i y p –  mean ANPP i y
mean ANPP i y
 
where STD ANPP i y p is the standardized ANPP for each plant-functional type for each plot 
each year, ANPP i y p is the ANPP for each plant-functional type for each plot each year and 
ANPP i y is the mean ANPP of all treatments for each plant-functional type each year. 
Standardized ANPP of dominant and rare plant-functional types showed contrasting non-linear 
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responses to precipitation (Fig. 4). Dominant species showed a significant concave down 
response ( quadratic term = -1.13, t (47) = -12.56, P < 0.001) while rare species showed a concave up 
response to precipitation ( quadratic term = 0.13, t (47) = 4.75, P < 0.001). Both fits were tested 
against linear models through AIC and BIC criteria (Supplementary Information 4). These 
contrasting responses evidenced a trade-off with rare species doing better under extremely wet or 
dry conditions and dominant species doing better under average site conditions. 
 
17  Standardized Aboveground Net Primary Production as a Function of Standardized Precipitation for Dominant and Rare Species 
Figure 4. Productivity response to precipitation variability. Standardized aboveground 
net primary production (ANPP) as a function of standardized annual precipitation. Both variables 
were standardized by its annual mean value. Blue dots (+/- SE) and lines for rare species and 
orange dots (+/- SE) and lines for dominant species. Model fits selected through AIC criterion. 
Precipitation variability had a negative effect on the productivity of the dominant functional 
group, perennial grasses (Standardized coefficient = -0.59, Z value = -5.29, P < 0.001), resulting in 
a negative effect on ecosystem productivity (Standardized coefficient = -0.68, Z value = -4.79, P < 
0.001; Fig. 5). On the other hand, precipitation variance had a positive effect on functional 
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diversity (Standardized coefficient = 0.4, Z value = 3.09, P = 0.002) that in turn enhanced 
ecosystem productivity as a result of a positive significant biodiversity effect that ameliorates the 
negative impact of precipitation variance on ANPP (Standardized coefficient = 0.1, Z value = 2.08, 
P < 0.03). It is remarkable that the positive effect of precipitation variance through functional 
diversity ameliorated the negative impact of precipitation variance on productivity even when the 
overall effect on ANPP was significantly negative. However, the total net effect of precipitation 
variance on ANPP was negative (Standardized coefficient = -0.54, Z value = -4.68, P < 0.001, 
Supplementary Information 5). 
 
 
18  Structural Equation Model Testing for Direct and Indirect Effects of Precipitation Mean and Variance on Aboveground Net Primary Production 
Figure 5. Structural equation model of precipitation variance effect on ANPP through 
functional diversity. The model includes the direct effect of precipitation variance and mean on 
ecosystem productivity. Indirect effects of precipitation variance occur through functional 
diversity and perennial grass ANPP. Coefficients are standardized by the mean so they are 
comparable to each other. Green single-headed arrows mean positive effect and red single-
headed arrows mean negative effects. Double headed arrows mean non-causal correlation. 
Indirect effects result from the multiplication of two consecutive direct effects. For detailed 
description of analysis and output see Supplementary Information 5. Significance codes mean: 
** P < 0.05, and *** P < 0.001. Model fit measures are presented in the legend. The model fit 
my data (χ2 = 0.54, df = 1, P = 0.46). Other goodness of fit measures also support this model 
(RMSE < 0.001, P = 0.49; SRMR = 0.03, CFI = 1.000, TLI = 1.023). 
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Total ANPP coefficient of variation increased with precipitation coefficient of variation 
(Slope = 0.41, F1, 48 = 10.79, P = 0.002, R
2
 = 0.18). Dominant and rare plant-functional types 
responded in different directions to increased precipitation variation (Fig. 6). The dominant 
plant-functional type, perennial grasses, showed a positive response (Slope = 1.19, F1, 48 = 31.58, 
P < 0.001, R
2
 = 0.4) increasing ANPP variation with interannual precipitation variation. On the 
contrary, rare plant-functional types showed either non-significant responses or surprisingly 
negative responses either maintaining their ANPP coefficient of variation or reducing it as 
precipitation variation increased. Shrub and sub-shrub species showed null responses (F1, 48 = 
1.71, P = 0.19 and F1, 48 = 0.06, P = 0.81 respectively); and forb and annual grass species showed 
negative responses (Slope = -0.4, F1, 48 = 4.62, P = 0.04, R
2
 = 0.09 and slope = -0.39, F1, 48 = 
4.43, P = 0.04, R
2
 = 0.08 respectively). 
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19  Aboveground Net Primary Production Coefficient of Variation as a Function of Precipitation Coefficient of Variation for the Community and 5 Plant-Functional Types 
Figure 6. Productivity versus precipitation variation. ANPP coefficient of variation as a 
function of interannual precipitation coefficient of variation. Black-solid line and black filled 
circles correspond to total ANPP (Slope = 0.41, F1, 48 = 10.79, P = 0.002, R
2
 = 0.18). Orange-
colored filled circles and line correspond to the dominant plant type, perennial grasses (Slope = 
1.19, F1, 48 = 31.58, P < 0.001, R
2
 = 0.4). Blue-gradient colored empty symbols and lines 
correspond to rare plant types: squares for shrub species (F1, 48 = 1.71, P = 0.19), upward 
triangles for forb species (Slope = -0.4, F1, 48 = 4.62, P = 0.04, R
2
 = 0.09), diamonds for annual 
grass species (Slope = -0.39, F1, 48 = 4.43, P = 0.04, R
2
 = 0.08) and downward triangles for sub-
shrub species (F1, 48 = 0.06, P = 0.81). The black dashed line indicates the one to one ratio for 
reference. 
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Discussion 
My long-term manipulative experiment provides substantial evidence to support my first 
hypothesis that precipitation variability increases diversity. As found by a previous study where 
within-season soil-moisture variance increased plant diversity (Knapp et al. 2002), increased 
interannual precipitation coefficient of variation had a positive effect on plant diversity (Fig. 2a). 
Functional diversity changes were supported by changes in functional evenness that followed the 
same pattern (Fig. 2b) while plant-functional type richness showed no response (Fig. 2c). The 
increase in functional evenness is explained by the increase in the relative abundance of the rare 
plant-functional type in high precipitation variance treatments (Fig. 3). Changes in plant-
functional type richness were limited by experimental conditions because experimental plots 
were immersed in a large desert grassland matrix containing the same plant-functional types than 
the controls therefore constraining the arrival of new plant types. Despite this limitation on the 
functional richness response, my results showed clear and significant changes in functional 
diversity through changes in evenness. Such changes are very important because anthropogenic 
impacts on ecosystems occur first through changes in relative abundance, later through species 
composition as a result of local extinctions (Reynolds et al. 2004). 
Theoretical and empirical work support the concept that coexistence requires important 
ecological differences among plant types that often involve tradeoffs (Chesson 2000) and may 
result from non-linear responses to a limiting resource (Hsu et al. 2012). In order to increase 
diversity, such tradeoffs must result in different plant-functional types to be dominant at different 
points in time (Tilman and Pacala 1993). Increased interannual precipitation variation results 
from a decrease in the frequency of average precipitation years and an increase in the frequency 
of extreme precipitation years. Rare plant-functional types are exploiters of such extreme years 
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by growing rapidly under favorable conditions and resisting dry years when their productivity 
decrease is relatively small (Fig. 4). The dominant plan-functional type, perennial grass, is 
inhibited by increased frequency of extreme precipitation years because of its concave down 
productivity response to water availability (Fig. 4). Perennial grasses showed a marked decrease 
in productivity during extremely dry years. During extremely wet years, grass response is also 
negative probably due to competition with rare species and/or co-limitation by other resources 
(i.e nitrogen (Yahdjian et al. 2011)). In arid ecosystems, wet years are caused by a small number 
of very large precipitation events that penetrate deep into the soil profile (Sala and Lauenroth 
1982). A sequence of large rainfall pulses may reach layers that are not accessible by the 
relatively shallow root system of grasses that are still water limited during inter-pulse periods 
(Sala et al. 2014) causing a sharp decrease in grass abundance. Rare plant-functional types take 
advantage of resources freed by the dismissal of dominant grasses during extreme precipitation 
years (Walker et al. 1999a) when they show higher productivity than the dominant plant type that 
in turn does better under long-term mean conditions showing larger productivity than rare plant-
functional types. Therefore, tradeoffs in plant-functional type responses to water availability 
seem to be the mechanism behind the functional diversity response to increased interannual 
precipitation variance. 
My results supported my second hypothesis showing that increased interannual precipitation 
variability resulted in increased biodiversity that in turn ameliorated the negative impact of 
enhanced precipitation variability on ecosystem ANPP (Fig. 5). This positive biodiversity effect 
on ecosystem functioning may be explained through species complementary and sampling effect 
mechanisms (Tilman et al. 1997b, Huston et al. 2000, Loreau and Hector 2001). Increased year-
to-year precipitation variation led to a decrease in perennial grass relative abundance, which is 
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the most productive plant type, reducing total ANPP. This reduction in the abundance of the 
most productive plant type may imply a negative sampling effect. Where, the loss of species 
from the most productive plant-functional type leads to a reduction in community productivity. 
On the other hand, complementary use of resources or positive interactions must take positive 
values to overcome such negative effect. My data show temporal complementarity among plant-
functional types with rare plant types taking advantage of extreme years and dominant species 
exploiting average years. Other forms of complementarity may co-occur as different plant types 
may utilize water from different soil layers (Sala et al. 1989a) or uptake different nitrogen 
species (Gherardi et al. 2013). As previously hypothesized by theoretical developments (Tilman 
and Pacala 1993, Tilman 1999, Chesson 2000) and supported by scarce empirical evidence 
(Knapp et al. 2002), I argue that variability in resource availability is important in determining 
plant diversity and its consequences for ecosystem functioning.  
My results did support my third hypothesis showing that increased functional diversity had 
stabilizing effects on ecosystem productivity. First, the coefficient of variation of community 
ANPP grew at a smaller rate than the coefficient of variation of precipitation (Fig. 6). The 
community buffered the effect of increasing variability in precipitation. Second, the coefficient 
of variation of perennial grass ANPP matched the precipitation coefficient of variation. A 
hypothetical community just with the dominant grasses would track precipitation variability and 
be less stable than a functionally diverse community. Perennial grasses, the dominant plant type 
showed the largest increase in ANPP coefficient of variation as a result of increased precipitation 
variability. Ecosystem stability showed a trend in the same direction as that of dominant species; 
however, community ANPP variation increased as precipitation variation increased at one-half 
the perennial grass rate. Therefore, the response of the dominant plant-functional type was not 
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fully driving ecosystem stability. On the other hand, the ANPP coefficient of variation of two 
plant-functional types decreased and two other plant types did not respond to increasing 
precipitation variation that was more than twice the historic mean. Increased relative abundance 
of rare plant types leads to a portfolio effect resulting from differential responses of plant 
functional types determined the ecosystem ANPP coefficient of variation to be much lower than 
expected based on the dominant functional type response. Thus, indirect effects of increased 
precipitation variance through functional diversity enhanced ecosystem stability by the means of 
portfolio effects. 
Consequences of increased diversity on ecosystem processes depend on the relative 
abundance, functional traits and specific responses of plant-functional types. Altering the 
dominance of plant-functional types in grasslands may have considerable implications on 
ecosystem functioning. My results show that increased interannual precipitation variance led to 
an increase in shrub cover from 13% in control plots to 37% in high precipitation variance 
treatments and decrease in perennial grass cover from 72% in control plots to 24% in high 
precipitation variance treatments during a five years period. Although such changes have 
traditionally been interpreted as negative, I argue that this ecosystem responds to precipitation 
changes increasing diversity and that this response ameliorates the impacts of climatic change. 
Increased diversity confers the ecosystem the ability to diminish negative effects on productivity 
and increase its stability. Then, if precipitation changes last long enough, the plant-functional 
type best adapted to the new precipitation regime may become a novel dominant type modifying 
the functioning of the ecosystem and the services that humans derive from them (Sala and 
Paruelo 1997). Finally, ecosystem changes may be positive or negative depending on the balance 
between specific ecosystem responses and the demand of different ecosystem services. 
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Supporting Information 1- Additional methods 
Soil moisture content from 0 to 30 cm during the last three years of the experiment shows 
how the wettest treatment during 2011 becomes the driest in 2012 and the wettest again in 2013. 
 
20  Volumetric Soil Water Content from 0 to 30 cm across Five Rainfall Manipulation Treatments for 3 Consecutive Growing Seasons 
Figure S1. Soil moisture across treatments during three growing seasons. Mean daily 
volumetric soil water content in the top 30 cm of the soil profile. Different colors indicate 
treatments, plots corresponding to the purple line alternated 80% rainfall manipulation starting 
from rainfall addition, plots corresponding to the red line alternated 50% rainfall manipulation 
also starting from addition, plots corresponding to blue and orange lines alternated 80% and 50% 
rainfall manipulation but started from rainfall interception. Control plots corresponding to the 
green line received ambient precipitation every year. 
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21  Allometric Regressions of Aboveground Net Primary Production to Cover of 5 Plant-Functional Types 
Figure S2. ANPP allometric regressions for five different plant-functional types. Plant 
species ANPP as a function of cover at peak biomass for five functional types. A-C) Represent 
annual grasses, forbs and sub-shrubs, D) all perennial grasses combined and E) regression 
between shrub volume and productivity. 
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Supporting Information 2- Additional results 
Precipitation coefficient of variation and mean effects on functional diversity and evenness 
estimated using Simpson’s index. 
 
22  Simpson's Functional Diversity and Evenness as a Function of 5-Year Precipitation Coefficient of Variation and Mean 
Figure S3. Effects of interannual precipitation variability and amount on Simpson’s 
functional diversity and evenness. (a) Five-year functional diversity Simpson’s index (1/2D’) 
and (b) mean five-year functional evenness as a function of precipitation variability and mean 
precipitation for the 5-year period. Different colors indicate treatments following figure 1, solid 
planes depict significant fitted models. 
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Supporting Information 3- Mean five-year functional diversity statistical analyses 
Analysis of five-year mean functional diversity as a function of precipitation coefficient of 
variation and mean for five precipitation treatments. I calculated 2 diversity indices, Simpson’s 
(1/
2D) and Shannon’s (H). I also calculated the two components of diversity, functional evenness 
and plant-functional type (PFT) richness. 
Full Model for Functional diversity: 
Functional Diversity mean (5 years) = b0 + b1 PPT mean (5 years) + b2 PPT CV (5 years) 
Functional diversity analysis: 
I fit a multiple linear regression model including both precipitation coefficient of variation and 
mean. These explanatory variables are not correlated: 
Pearson's product-moment correlation 
 
data:  div$meanPPT2 and div$treat 
t = 0.589, df = 48, p-value = 0.5586 
alternative hypothesis: true correlation is not equal to 0 
95 percent confidence interval: 
 -0.1983161  0.3546923 
sample estimates: 
       cor  
0.08470759 
 
Regression analyses 
Shannon’s functional diversity  
 
Call: 
lm(formula = div$Fun_H ~ div$treat + div$meanPPT2) 
 
Residuals: 
     Min       1Q   Median       3Q      Max  
-0.13131 -0.04584 -0.00472  0.04111  0.14048  
 
Coefficients: 
               Estimate Std. Error t value Pr(>|t|)     
(Intercept)   0.3508788  0.0681560   5.148 5.09e-06 *** 
div$treat     0.0014388  0.0004188   3.435  0.00125 **  
div$meanPPT2 -0.0010310  0.0005116  -2.015  0.04964 *   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.06642 on 47 degrees of freedom 
Multiple R-squared:  0.2394, Adjusted R-squared:  0.2071  
F-statistic: 7.398 on 2 and 47 DF,  p-value: 0.00161 
 
Simpson’s functional diversity 
Call: 
lm(formula = div$Fun_D ~ div$treat + div$meanPPT2) 
 
Residuals: 
     Min       1Q   Median       3Q      Max  
-0.52525 -0.18383 -0.02068  0.18824  0.76655  
 
Coefficients: 
              Estimate Std. Error t value Pr(>|t|)     
(Intercept)   1.790182   0.331708   5.397 2.17e-06 *** 
div$treat     0.007300   0.002038   3.581 0.000808 *** 
div$meanPPT2 -0.003075   0.002490  -1.235 0.222922     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
Residual standard error: 0.3232 on 47 degrees of freedom 
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Multiple R-squared:  0.2257, Adjusted R-squared:  0.1928  
F-statistic:  6.85 on 2 and 47 DF,  p-value: 0.002451 
 
I fitted the same full model to components of diversity, functional evenness and plant-functional 
type richness. In the case of evenness I used a quasi-binomial distribution and in the case of PFT 
richness poison distribution.  
Shannon’s functional evenness: H/log(PFT richness) 
 
 
Call: 
glm(formula = div$Fun_ev_H ~ div$treat + div$meanPPT, family = 
quasibinomial()) 
 
Deviance Residuals:  
      Min         1Q     Median         3Q        Max   
-0.247552  -0.067007  -0.005994   0.068994   0.228613   
 
Coefficients: 
             Estimate Std. Error t value Pr(>|t|)     
(Intercept) -1.074119   0.251889  -4.264  9.6e-05 *** 
div$treat    0.005801   0.001561   3.717 0.000535 *** 
div$meanPPT -0.003237   0.001857  -1.743 0.087798 .   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
(Dispersion parameter for quasibinomial family taken to be 0.01183574) 
 
    Null deviance: 0.75417  on 49  degrees of freedom 
Residual deviance: 0.56340  on 47  degrees of freedom 
 
 
Simpson’s functional evenness: 1/2D/PFT richness 
 
Call: 
glm(formula = div$Fun_ev_D ~ div$treat + div$meanPPT, family = 
quasibinomial()) 
 
Deviance Residuals:  
     Min        1Q    Median        3Q       Max   
-0.31024  -0.09688  -0.00597   0.07647   0.39622   
 
Coefficients: 
             Estimate Std. Error t value Pr(>|t|)     
(Intercept) -0.195549   0.352161  -0.555 0.581335     
div$treat    0.007839   0.002163   3.625 0.000709 *** 
div$meanPPT -0.001364   0.002660  -0.513 0.610518     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
(Dispersion parameter for quasibinomial family taken to be 0.02866438) 
 
    Null deviance: 1.7504  on 49  degrees of freedom 
Residual deviance: 1.3707  on 47  degrees of freedom 
 
Plant-functional type richness 
Call: 
glm(formula = div$S ~ div$treat + div$meanPPT, family = poisson()) 
 
Deviance Residuals:  
     Min        1Q    Median        3Q       Max   
-0.95542  -0.43780   0.01845   0.36088   1.06799   
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Coefficients: 
              Estimate Std. Error z value Pr(>|z|)     
(Intercept)  2.2727325  0.3794466   5.990  2.1e-09 *** 
div$treat   -0.0002611  0.0023067  -0.113    0.910     
div$meanPPT -0.0020887  0.0028354  -0.737    0.461     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
(Dispersion parameter for poisson family taken to be 1) 
 
    Null deviance: 12.537  on 49  degrees of freedom 
Residual deviance: 11.967  on 47  degrees of freedom 
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Supporting Information 4- Plant-functional type response to precipitation 
I fitted linear, quadratic and second order polynomial models in order to assess the shape of 
the ANPP response of dominant and rare plant-functional types to precipitation. I selected the 
best model using AIC and BIC scores. In order to discount differences among years, I first 
standardized ANPP and precipitation by the mean. 
Perennial grasses 
Linear model (lmo)  
Standardized Grass ANPP = b0 + b1 Standardized PPT 
Call: 
lm(formula = stdPgrass ~ stdppt, data = stdANPP) 
Residuals: 
     Min       1Q   Median       3Q      Max  
-1.25491 -0.44417 -0.09429  0.35365  2.45964  
Coefficients: 
            Estimate Std. Error t value Pr(>|t|)     
(Intercept)  0.65562    0.08380   7.823 1.48e-13 *** 
stdppt       0.34438    0.07197   4.785 2.94e-06 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Second order polynomial model (NLM) 
Standardized Grass ANPP = b0 + b1 Standardized PPT + b2 Standardized PPT
2
 
Formula: stdPgrass ~ a * stdppt + b * (stdppt^2) 
Parameters: 
  Estimate Std. Error t value Pr(>|t|)     
a  2.56430    0.14194   18.07   <2e-16 *** 
b -1.13858    0.09065  -12.56   <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Quadratic model (NLM2) 
Standardized Grass ANPP = b0 + b1 Standardized PPT
2
 
Formula: stdPgrass ~ a + b * (stdppt^2) 
Parameters: 
  Estimate Std. Error t value Pr(>|t|)     
a  0.85277    0.06594  12.933  < 2e-16 *** 
b  0.10858    0.03616   3.003  0.00295 **  
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Model selection 
AIC(lmo,NLM,NLM2) 
     df      AIC 
lmo   3 519.8434 
NLM   3 451.9017 
NLM2  3 532.9952 
BIC(lmo,NLM,NLM2) 
     df      BIC 
lmo   3 530.4078 
NLM   3 462.4660 
NLM2  3 543.5596 
 
I selected second order polynomial model to explain perennial grass ANPP response to 
precipitation.  
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Rare species 
Linear model (lmor)  
Standardized Rare spp ANPP = b0 + b1 Standardized PPT 
Call: 
lm(formula = stdrare ~ stdppt, data = stdANPP) 
Residuals: 
     Min       1Q   Median       3Q      Max  
-0.89538 -0.38548 -0.09932  0.24271  2.53155  
Coefficients: 
            Estimate Std. Error t value Pr(>|t|)     
(Intercept)  0.75519    0.06729  11.223  < 2e-16 *** 
stdppt       0.24481    0.05779   4.236  3.2e-05 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Second order polynomial model (NLMr) 
Standardized Grass ANPP = b0 + b1 Standardized PPT + b2 Standardized PPT
2
 
Formula: stdrare ~ a * stdppt + b * (stdppt^2) 
Parameters: 
  Estimate Std. Error t value Pr(>|t|)     
a  1.72996    0.14847  11.652  < 2e-16 *** 
b -0.60864    0.09481  -6.419 6.91e-10 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Quadratic model (NLMr2) 
Standardized Grass ANPP = b0 + b1 Standardized PPT
2
 
Formula: stdrare ~ a + b * (stdppt^2) 
Parameters: 
  Estimate Std. Error t value Pr(>|t|)     
a  0.81941    0.05113  16.026  < 2e-16 *** 
b  0.13318    0.02804   4.749 3.45e-06 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Model selection 
AIC(lmo,NLM,NLM2) 
      df      AIC 
lmor   3 410.1258 
NLMr   3 474.3685 
NLMr2  3 405.8302 
BIC(lmo,NLM,NLM2) 
      df      BIC 
lmor   3 420.6902 
NLMr   3 484.9328 
NLMr2  3 416.3946 
 
I selected quadratic model to explain rare species ANPP response to precipitation.  
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Supporting Information 5- Structural equation model 
Direct and indirect effects on ANPP 
Structural equation model fit including precipitation direct effects and indirect effects on 
ANPP through perennial grass ANPP and functional diversity. I used the sem() function in the 
lavaan (Yves 2012) package in R (R Core Team 2013). 
Model syntax: 
# Regression term accounting for the direct effect of precipitation variance on functional 
diversity 
' Fun_Div ~ a*PPT_var  
# Regression term accounting for the direct effect of precipitation variance and mean on 
perennial grass ANPP 
PgrassANPP ~ b*PPT_var + PPT_mean 
# Regression term accounting for the effect of precipitation mean and variance and the 
effects of functional diversity and perennial grass ANPP on ecosystem ANPP 
ANPP ~ d*Fun_Div + e*PgrassANPP + PPT_mean + f*PPT_var 
# Residual variance term 
Fun_Div~~PgrassANPP 
# Terms testing for the significance of the indirect effects 
# Indirect effect of precipitation variance through functional diversity on ANPP 
ad := a*d 
# Indirect effect of precipitation variance through perennial grass ANPP on ANPP 
be := b*e' 
# Total effect (direct + indirect) of precipitation variance on ANPP 
tot := f +(a*d) + (b*e) 
 
Model output 
lavaan (0.5-16) converged normally after  33 iterations 
  Number of observations                            50 
  Number of missing patterns                         1 
 
  Estimator                                         ML 
  Minimum Function Test Statistic                0.544 
  Degrees of freedom                                 1 
  P-value (Chi-square)                           0.461 
 
Model test baseline model: 
  Minimum Function Test Statistic              187.929 
  Degrees of freedom                                 9 
  P-value                                        0.000 
 
User model versus baseline model: 
  Comparative Fit Index (CFI)                    1.000 
  Tucker-Lewis Index (TLI)                       1.023 
 
Loglikelihood and Information Criteria: 
  Loglikelihood user model (H0)               -258.337 
  Loglikelihood unrestricted model (H1)       -258.065 
 
  Number of free parameters                         14 
  Akaike (AIC)                                 544.674 
  Bayesian (BIC)                               571.442 
  Sample-size adjusted Bayesian (BIC)          527.498 
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Root Mean Square Error of Approximation: 
  RMSEA                                          0.000 
  90 Percent Confidence Interval          0.000  0.336 
  P-value RMSEA <= 0.05                          0.488 
 
Standardized Root Mean Square Residual: 
  SRMR                                           0.030 
 
Parameter estimates: 
  Information                                 Observed 
  Standard Errors                             Standard 
 
                   Estimate  Std.err  Z-value  P(>|z|) 
Regressions: 
  Fun_Div ~ 
    PPT_var   (a)     0.401    0.130    3.095    0.002 
  PgrassANPP ~ 
    PPT_var   (b)    -0.592    0.112   -5.295    0.000 
    PPT_mean          0.145    0.069    2.117    0.034 
  ANPP ~ 
    Fun_Div   (d)     0.249    0.088    2.822    0.005 
    PgrssANPP (e)     1.145    0.102   11.206    0.000 
    PPT_mean          0.038    0.052    0.726    0.468 
    PPT_var   (f)     0.037    0.063    0.589    0.556 
 
Covariances: 
  Fun_Div ~~ 
    PgrassANPP       -0.562    0.128   -4.386    0.000 
 
Intercepts: 
    Fun_Div           0.000    0.128    0.000    1.000 
    PgrassANPP        0.000    0.111    0.000    1.000 
    ANPP             -0.000    0.049   -0.000    1.000 
 
Variances: 
    Fun_Div           0.822    0.164 
    PgrassANPP        0.611    0.123 
    ANPP              0.119    0.024 
 
Defined parameters: 
    ad                0.100    0.048    2.085    0.037 
    be               -0.678    0.142   -4.788    0.000 
    tot              -0.541    0.115   -4.684    0.000 
 
R-Square: 
    Fun_Div           0.161 
    PgrassANPP        0.364 
    ANPP              0.876 
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Additional References 
R Core Team. 2013. R: a language and environment for statistical computing. R Foundation for 
Statistical Computing, Vienna, Austria. 
Yves, R. 2012. lavaan: An R Package for Structural Equation Modeling. Journal of Statistical 
Software 48:1-36. 
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5 - EFFECT OF PRECIPITATION INTERANNUAL VARIABILITY ON ABOVEGROUND 
NET PRIMARY PRODUCTION: A GLOBAL SYNTHESIS 
Climate change assessments project increases in precipitation variability at different 
temporal scales (IPCC 2013). However, most research of climate change effects on 
ecosystems has focused on the effect of magnitude of changes in temperature, CO2 
concentration and precipitation overlooking variability effects especially at multi-year 
scales. The effect of interannual precipitation variance on aboveground net primary 
production (ANPP), independent from the effect of precipitation amount, is assessed here 
using a global data synthesis that includes 80 datasets from 37 sites worldwide. I 
aggregated ANPP and annual precipitation data in five-year temporal windows resulting 
on a value of precipitation variance expressed as the coefficient of variation, a value of 
precipitation amount and a value of ANPP for each time window and each site. I found that 
precipitation variance has a significant effect on primary production that is modulated by 
mean precipitation. Productivity increases with precipitation variance at sites where it 
rains less than 339mm per year on average but decreases at sites where precipitation is 
higher than 339mm. I propose three mechanisms to explain the effect of precipitation 
variance on ANPP that are related to: (1) differential ANPP response to precipitation 
among sites, (2) contrasting legacy effects and (3) soil water distribution. Here, I 
demonstrate that precipitation variability increase has direct impacts on arid to sub-humid 
ecosystems that can potentially affect the terrestrial carbon sink (Poulter et al. 2014).  
Projections of the Fifth Assessment Report (IPCC 2013) of the Intergovernmental Panel on 
Climate Change (IPCC) of increasing precipitation variability at various temporal scales support 
findings of previous IPCC report (IPCC 2007) and several projections of different phases of the 
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Coupled Model Intercomparison Project (Räisänen 2002, Wetherald 2010, Fischer et al. 2013). 
Mechanisms explaining changes in precipitation variability are different among temporal scales. 
At short scales, increasing precipitation variation is related to enhanced water-holding capacity 
of a warmer atmosphere that ranges from 7% per degree Kelvin as predicted by Clausius-
Clapeyron relationship (Trenberth et al. 2003, Kharin et al. 2007) to 2.5% per degree limited by 
available energy in the troposphere (Liu et al. 2013). At interannual to multi-year scales, changes 
in precipitation patterns are related to intensification of atmospheric circulations such as El Niño 
Southern Oscillation (Easterling et al. 2000, Lewis et al. 2011) and large scale rearrangements of 
atmospheric modes (Seneviratne et al. 2006). 
The effects of annual precipitation variance per se on ecosystem functioning have been 
largely understudied. Most studies looking at “precipitation variability” effects on ANPP have 
looked at time series of precipitation and ANPP varying through time (e.g.(Smoliak 1986)) 
assessing the effect of amount of precipitation, not the variability, on ANPP. Other studies 
evaluated the relationship between production to rainfall variability ratios (Lauenroth and Sala 
1992, Wiegand et al. 2004, Yang et al. 2008). However, these studies did not test for the effects 
of precipitation variation on productivity.  Here, I aim at exploring the effects of interannual 
precipitation variance on aboveground net primary production (ANPP), which is an indicator of 
ecosystem functioning closely related to energy flux and carbon cycling. Empirical studies 
exploring within year (intra-annual) precipitation variability effects on ANPP are scarce and 
inconclusive reporting negative (Knapp et al. 2002), null (Thomey et al. 2011) and mixed 
responses (Heisler-White et al. 2009). To my knowledge, there are no published results of 
manipulative experiments testing the effect of precipitation variance at multi-year time scales. At 
the interannual scale, data mining work used linear and non-linear model fits to estimate 
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increased rainfall variability effects (Hsu et al. 2012) and concluded that such effects were no 
significant. On the other hand, a 40-year modeling experiment in the Tibetan Plateau found 
strong negative effects of interannual precipitation variance on ecosystem functioning (Ye et al. 
2013). The existence of effects from previous-year precipitation (Reichmann et al. 2013a) or 
productivity (Sala et al. 2012) on current-year ANPP suggests that year-to-year precipitation 
variation may influence long-term ecosystem functioning.  
My work attempts to answer two questions regarding the effect of interannual precipitation 
variability on ecosystem functioning. First question: is there a direct effect of increased 
precipitation interannual variation on ANPP? Enhanced interannual precipitation variance results 
from a high frequency of dry and wet years that deviate from the site mean precipitation. Most 
times, dry years affect ANPP negatively while wet years have positive effects on ANPP. The 
overall effect of precipitation variability will depend on the shape of the ANPP response to 
annual precipitation and its aggregated effects over time. A linear ANPP response to annual 
precipitation would lead to null ANPP response to increased precipitation variance because 
ANPP decreases caused by dry years are compensated by ANPP increases caused by wet years. 
On the other hand, non-linear ANPP response to precipitation may result in positive or negative 
ANPP responses to precipitation variance. Saturating ANPP response to precipitation will result 
on negative variance effect on ANPP because ANPP increases caused by wet years do not 
compensate negative effects of dry years on ANPP. Concave-up responses may result on positive 
precipitation variance effect because ANPP increases caused by wet years overcompensate 
ANPP decreases during dry years. Second question: is precipitation-variance effect different 
along a precipitation gradient from arid to mesic ecosystems? Grassland ecosystems located 
towards the wet end of the biome distribution may show a saturating response and ecosystems 
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located towards the dry end may exhibit a concave down response. The saturating response of 
mesic grasslands may result from co-limitation of water availability with other resources such as 
nitrogen (Yahdjian et al. 2011). Water limitation in arid ecosystems is relatively strong and co-
limitation by other resources is less frequent leading to null or positive ANPP responses to 
precipitation variance. 
I present a global synthesis of 80 long-term (9 years or longer) data sets that cover a wide 
range of geographic and environmental spaces (Figure 1 and Supplementary Table 1). I 
calculated five-year long overlapping temporal windows obtaining one mean ANPP value, one 
precipitation coefficient of variation (CV) value and one mean precipitation value for each time 
window and each dataset. Then, I fitted a linear model: 
Mean ANPP5yr s = 0 + 1 * pptCV5yr s + 2 * Mean PPT5yr s + 3 * pptCV5yr s * Mean PPT5yr s (1) 
where, Mean ANPP5yr s is the mean ANPP for any five-year period at s
th
 site, pptCV5yr s is the 
precipitation CV for any five-year period at s
th
 site and Mean PPT5yr s is the mean precipitation 
for any five-year period at s
th
 site. This parsimonious approach allowed me to explore the effect 
of five-year periods with precipitation CV ranging from 3.6% to 68% and five-year mean 
precipitation ranging from 105 mm to 1178 mm. Each period at each site had a value of mean 
precipitation that allowed for testing precipitation amount simple effect on ANPP and its 
interaction with precipitation variance. Stepwise multiple regression analysis resulted in the 
model depicted in equation (1) including both explanatory variables and their interaction. My 
results are robust since they did not change when I used different time windows (3, 4 and 5 
years), different combinations of metrics for precipitation amount (five-year mean and focal year 
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precipitation) and ANPP (five-year mean and focal year ANPP) and by relaxing or not statistical 
independence assumption (Supplemental Information Section S2 and S3). 
 
23  Site Location within Geographical and Climatic Spaces 
Figure 1| Geographical and climatological distribution of sites. a) Geographical location of 
study sites and their correspondent ecosystem provinces(Bailey 1989/1993). b) Climatological 
distribution of sites along temperature and precipitation gradients. Circle size indicates mean 
precipitation coefficient of variation of 5-year periods. 
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Interannual precipitation variability has a direct effect on ANPP that is modulated by 
precipitation amount with a significant interaction between precipitation variance and amount 
resulting in opposite responses of arid and mesic sites (Figure 2). A precipitation threshold was 
found at 339 mm of annual precipitation that splits ANPP response to precipitation variance to 
be positive in dry sites and negative in semi-arid to mesic sites. I propose three mechanisms to 
explain the effect of precipitation variance on ANPP and how it changes along this precipitation 
gradient. The three mechanisms are not exclusive and represent complementary explanations of 
the same phenomenon. 
 
24  Five-Year Mean Aboveground Net Primary Production as a Function of 5-Year Precipitation Coefficient of Variation and Mean for 37 Sites 
Figure 2| Effects of mean annual precipitation and its coefficient of variation on ANPP. 
Five-year mean ANPP response surface to precipitation five-year coefficient of variation (CV) 
and five-year mean precipitation. The star symbol and adjacent precipitation value indicate the 
threshold mean precipitation at which the effect of precipitation CV switches from positive to 
negative. Response surface color red indicates values below the threshold and response surface 
color blue indicates values above the threshold.  
 Estimate p-value 
Intercept -55 0.006 
PPT CV 2.11 0.002 
5 yr PPT 0.55 <0.0001 
CV*Mean -0.0062 <0.0001 
 Adj.R
2
 0.48 
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The first mechanism behind this opposite response to precipitation variance of arid and semi-
arid to mesic sites is based on fundamentally different ANPP responses to precipitation amount 
between sites with average rainfall below 339 mm and above 339 mm. I standardized ANPP and 
precipitation by the mean in order to be able to compare temporal ANPP responses to 
precipitation for all sites along ANPP and precipitation gradients. I fitted linear and non-linear 
models of standardized five-year mean ANPP as a function of standardized five-year mean 
precipitation for sites that were below (arid) and above (semi-arid to sub-humid) the precipitation 
interaction threshold (339 mm). I discarded sites that were 100 mm around the 339 mm threshold 
because such sites show a null response and may mask responses of sites far from the threshold. 
Arid sites responded in a concave up fashion while semi-arid to sub-humid sites showed a 
concave down response, both tested through Akaike’s Information Criterion (AICc) (Sakamoto 
et al. 1986) against correspondent linear models (Figure 3). Since standardized precipitation is 
normally distributed (Supplemental figure S4), Jensen’s inequality (Jensen 1906) indicates that 
the effect of precipitation variability on ANPP depends on the curvature of the relationship 
between precipitation and ANPP (Hsu et al. 2012). A concave up relationship results in a 
positive effect of precipitation variance on mean ANPP, explaining the positive response of arid 
sites. And, a concave down relationship results on a negative effect of precipitation variance on 
mean ANPP, explaining the negative effect of precipitation variance found on semi-arid to sub-
humid sites. Increased interannual precipitation variance implies an increase in the frequency of 
dry and wet years that are largely deviated from the mean. In the standardized terms presented in 
figure 3, these years would fall on the left and right thirds of the figure respectively. Increased 
frequency of these extreme events results on different site responses. Dry sites, show a positive 
response to increased variability because deviations to the negative side of standardized 
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precipitation produce a decrease in standardized ANPP that follows a 1:1 ratio while positive 
precipitation deviations yield enhanced ANPP that overcompensates reduced ANPP caused by 
dry years due to the nature of the non-linear positive response. Thus, dry sites respond positively 
to wet periods overshadowing the negative effect of drought. On the other hand, semi-arid to 
sub-humid sites show a similar response to negative precipitation deviations as dry sites but 
positive deviations result on ANPP response that flattens out towards extremely wet years 
probably due to limitation by other resources than water (Yahdjian et al. 2011) that do not 
compensate productivity losses caused by dry years resulting on the negative ANPP response to 
precipitation variability. 
 
25  Standardized Aboveground Net Primary Production as a Function of Standardized Precipitation for Sites with Mean Precipitation Above and Below 339 mm 
Figure 3| Standardized ANPP as a function of standardized mean precipitation. Red circles 
and line correspond to sites and years that were five-year mean precipitation was on or below 
289 mm. Blue circles and line correspond to sites where five-year mean precipitation was on or 
above 389 mm. Black-dashed line indicates the 1:1 ratio. Fitted model equations are indicated in 
the top as well as their determination coefficient.  
110 
 
The second mechanism explaining precipitation variance effect on ANPP and its interaction 
with precipitation amount is related to legacy effects. Legacies are defined as the negative effect 
of a dry year or positive effect of a wet year on ANPP after it has occurred (Sala et al. 2012). For 
example, negative legacies could be caused by a dry year that negatively affects plan community 
structure that in a subsequent year does not hold enough structures to fully exploit available 
resources (Reichmann and Sala 2014). These positive and negative legacies are proportional to 
the difference in precipitation between a given year and the previous year (Reichmann et al. 
2013a). Therefore, increased interannual precipitation variability would increase the magnitude 
of legacies by increasing the difference in precipitation among years. If positive and negative 
legacies are of the same magnitude, they would cancel each other and increased precipitation 
variance would have no effect on multi-year ecosystem ANPP. If negative legacies are larger 
than positive legacies, increased interannual precipitation variance would have a negative impact 
and if positive legacies are larger than negative legacies ANPP response to precipitation 
variation would be positive.  Legacy magnitude is estimated as the difference between observed 
and expected ANPP (Sala et al. 2012). Observed ANPP came from my dataset and expected 
ANPP was estimated using two different models (See methods for details). Legacies were 
considered positive if its value was larger than or equal to zero plus one half standard deviation. 
Legacies smaller than or equal to zero minus on half standard deviation were counted as and 
negative legacies. I assessed the number, mean size and total effect of positive and negative 
legacies for sites above and below the precipitation interaction threshold (Table 1). The total 
absolute effect of positive legacies was larger than the total absolute effect of negative legacies 
in arid sites contrasting the result for semi-arid to sub-humid sites where the total effect of 
negative legacies was larger than the total effect of positive legacies (Table 1). This explanation 
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provides complementary support to the overall response pattern of ANPP to interannual 
precipitation variability across sites (Figure 2). 
Table 1| Number, average size (g m
2
 yr
-1
) and total effect (g m
2
 yr
-1
) of positive and negative 
legacies for sites above and below 339 mm mean annual precipitation calculated as the 
difference between expected and observed ANPP.  
 
Legacy effects calculated as observed ANPP minus expected ANPP based on annual rainfall. Estimations of 
expected ANPP were carried out using 2 models a Unified Temporal Model and an existing spatial model developed 
in the US Great Plains(Sala et al. 1988). See methods for details of legacy effects calculation. 
2  Positive and Negative Legacy Number, Average Size and Total Effect for Sites with Mean Precipitation Above and Below 339 mm 
The third mechanism is related to changes in water distribution in the soil profile that 
ultimately determines water availability for plants. Increased precipitation variability deepens 
soil-water distribution (Sala et al. 2014) because of the disproportional effects of wet and dry 
years on the depth of water penetration. Precipitation during dry years only fills the topsoil while 
in wet years it reaches deep soil layers (Sala et al. 1992). Evaporation losses occur only form the 
uppermost layer and represent a larger fraction of the total water loss during a dry year than of 
the total precipitation during a wet year. For example, a modeling experiment indicates that if 
annual precipitation is 300 mm evaporation is 50% while doubling precipitation results in 20% in 
evaporation (Sala et al. 2014). The depth of penetration per unit of precipitation increases with 
the amount of rainfall because evaporation water losses decrease in importance. Increased 
interannual precipitation variability results from enhanced frequency of extremely dry and wet 
years. Since the effect of extreme wet and dry years is not symmetrical, increased precipitation 
variability leads to a deeper soil moisture profile. In arid sites, deep water infiltration prevents 
number average size total effect number average size total effect
Unified Temporal Model Legacy Effects
Below 339 mm 89 121 10754 33 -98 -3223
Above 339 mm 182 182 28769 325 -161 -52277
Sala et al 1988 Model Legacy Effects
Below 339 mm 72 160 11490 75 -107 -8037
Above 339 mm 98 192 18838 492 -204 -100434
NegativePositive
Legacy Effects
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surface evaporation increasing plant available water and therefore the portion of water flowing 
through transpiration and ANPP. In mesic sites, high precipitation variability enhances deep 
percolation losses decreasing plant-available water and ANPP. This mechanism explains the 
contrasting responses of dry and mesic sites to increased interannual precipitation variability. 
This response pattern is also in line with the inversed texture hypothesis (Noy-Meir 1973) 
supported using ANPP data from 9498 locations in the Central Grassland Region of the US (Sala 
et al. 1988) that also found contrasting responses for dry and mesic sites with a surprisingly 
similar threshold. It states that sites where mean annual precipitation falls below 370 mm, 
coarse-textured soils increased production while fine-textured soils reduced production. On the 
contrary, sites where mean annual precipitation was above 370 mm fine-textured soils had a 
positive impact on production while coarse-textured soils had detrimental effects on ANPP. The 
mechanism explaining this regional pattern is also related to soil-water distribution but instead of 
being determined by precipitation variability it is by soil texture. In arid ecosystems, coarse soils 
allow for relatively deep soil water penetration resulting in reduced water loses through 
evaporation, a phenomenon that occurs almost exclusively from the top layer of the soil resulting 
in increased plant available water and consequently higher ANPP. In mesic ecosystems, coarse 
soils, with low water holding capacity, retain less water enhancing deep percolation losses 
leading to reduced plant available water and ANPP. The contrasting regional ANPP responses 
depend on changes in plant-available water that result from differential water penetration at dry 
and mesic sites, either caused by differential soil texture or increased precipitation variability. 
My results highlight the importance of interannual precipitation variance on grassland ANPP 
and its contrasting responses along a gradient of precipitation amount. Although projections of 
precipitation-variability increase are well supported and consistent among assessments (IPCC 
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2013) and multi-model comparison projects (Räisänen 2002, Wetherald 2010, Fischer et al. 
2013), they are still highly uncertain. Improved precipitation variance projections would improve 
my ability to estimate global grassland ANPP responses to climate change.  Moreover, 
interannual precipitation variance effect on the functioning of global grasslands may have a 
significant impact on the carbon cycle. A recent assessment using three different carbon 
accounting methods found that semi-arid ecosystems explained from 79% to 87% of the 2011 
terrestrial carbon sink (Poulter et al. 2014). In conclusion, precipitation variance itself has a 
significant effect on ANPP that interacts with mean precipitation changes and highlights the 
importance of interannual response patterns and contrasting cross-site responses. Further 
regional-scale experimentation is needed to explore causation and biotic mechanisms explaining 
ANPP patterns found in this work.  
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Methods 
Data collection 
I collected 80 long-term datasets from locations around the world where mean annual 
precipitation ranged from 156 mm to 1152 mm, mean annual temperature ranged from -3.1ºC to 
20.5ºC (Figure 1 and Supplementary Table 1). I collected data from two main sources: (1) 
existing data bases from the Long Term Ecological Research (LTER) network, available through 
the EcoTrends project and the Oak Ridge National Laboratory (ORNL) (See Supplemental 
Information Section S1 for complete data sources and citations) and (2) data from publications, 
which were extracted from tables or figures whenever it was not available through a data 
repository. In order to have enough representation of each dataset in my temporal analyses, I 
limited my searches to datasets that consisted, at least, of 10 consecutive years. I also excluded 
flood plain and playa sites where water input through run-on may overshadow precipitation 
water input and mask its effects. 
Data analyses 
I aggregated data into five-year moving windows and calculated precipitation coefficient of 
variation (CV), precipitation mean and ANPP mean for each time window. This approach 
allowed me to directly test the effect of precipitation variability as an explanatory variable. I 
input precipitation coefficient of variation and mean during each five year period as explanatory 
variables of mean ANPP for the same period. I explored 4 different models using multiple 
regression analyses to explain ANPP response that combine different dependent and independent 
variables. Models consisted of 2 treatments of the response variable (current-year ANPP and 
five-year mean ANPP), 3 treatments of precipitation amount (5-year mean PPT, long-term mean 
annual precipitation and current-year PPT) and five-year precipitation CV as the precipitation 
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variability measure in all cases (Supplemental Information Section S3). In all cases, I fitted a full 
model including one term to test for the effect of precipitation amount, one term to test for 
precipitation variability and their interaction. Significant interaction yielded a threshold value 
that split my dataset in sites responding negatively and positively to precipitation variability.  
In order to explore mechanism behind these patterns across all datasets, I standardized my 
data by the mean and explored ANPP responses to precipitation of sites falling above or below 
the 339 mm interaction threshold (Figure 2). I fitted linear and second order polynomial models 
to these two subsets of data (Figure 3) and tested for the best fit using Akaike’s Information 
Criterion (AICc) (Sakamoto et al. 1986). I chose to fit second order polynomial models because 
they allow for both concave up and concave down fits that explain both positive and negative 
responses to precipitation variability through Jensen’s inequality (Jensen 1906, Hsu et al. 2012).  
I performed all analyses and created all figures using R version 3.0.2 (R Core Team 2013). 
See Supplemental Information Section S1 for details and package citations. 
Legacy effect calculation 
Legacies are defined as the difference between observed and expected ANPP based on 
annual precipitation for each year in each site (Sala et al. 2012). I used observed ANPP from my 
database and expected ANPP was estimated using 2 models of ANPP as a function of annual 
precipitation. First, I developed a unified temporal model consisting of the average slope of the 
ANPP to annual precipitation regression obtained from all datasets included in this work and the 
intercept of each site.  
ANPPt s = intercepts+ 0.19 * PPTt s 
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where, ANPP t s is the productivity at year t in site s, intercepts is the intercept of the regression 
of ANPP as a function of annual precipitation for site s and PPTt s is the annual precipitation on 
year t at site s. 
Second, I used an existing spatial model developed for the US Great Plains (Sala et al. 1988) 
that also matches closely the slopes of other spatial models developed in Africa (McNaughton 
1985) and Asia (Bai et al. 2008). 
ANPPt s = -34 + 0.6 * PPTt s 
where, ANPP t s is the productivity at year t in site s and PPTt s is the annual precipitation on 
year t at site s. 
Legacies were counted as positive or negative if their magnitude was larger than or smaller 
than one half standard deviation from the mean legacy effect. Legacies small in magnitude were 
excluded because small deviations from the expected ANPP could be due to mechanisms that are 
not precipitation driven or measurement error. 
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Section S2- Additional Results 
I fitted additional linear models using different variables to reassure that the correlation and 
significance of results shown in figure 2 were not spurious. For these additional fitted models I 
replaced five-year mean precipitation by long-term mean annual precipitation (Model 2) and 
current-year precipitation (Model 3) as additional precipitation amount explanatory variables and 
also I replaced five-year mean ANPP by current-year ANPP as dependent variable (Models 3 
and 4). The response surface and overall statistical results are very similar among models 
supporting the results presented in the body of the manuscript. 
Model 1 is shown in Figure 2. 
Mean ANPP5yr s = 0 + 1 * pptCV5yr s + 2 * Mean PPT5yr s + 3 * pptCV5yr s * Mean PPT5yr s  
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Supplementary figure 1| Model 2 
Mean ANPP5yr s = 0 + 1 * pptCV5yr s + 2 * MAPs + 3 * pptCV5yr s * MAPs 
 
26  Five-Year Mean Aboveground Net Primary Production as a Function of 5-Year Precipitation Coefficient of Variation and Long-Term Mean Precipitation for 37 Sites along a 
Precipitation Gradient 
Supplementary figure 1| Precipitation coefficient of variation and long-term mean effect on 
ANPP. Five-year mean ANPP response surface to precipitation coefficient of variation and long-
term mean annual precipitation. The star symbol and adjacent precipitation value indicate the 
threshold mean precipitation at which the effect of precipitation coefficient of variation switches 
from positive to negative. 
  
 Estimate p-value 
Intercept -64 0.001 
PPT CV 2.18 <0.002 
MAP 0.55 <0.0001 
CV*MAP -0.0056 <0.001 
 Adj.R
2
 0.48 
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Supplementary figure 2| Model 3 
ANPPyr s = 0 + 1 * pptCV5yr s + 2 * MAPs + 3 * pptCV5yr s * MAPs 
 
27  Focal Year Aboveground Net Primary Production as a Function of 5-Year Precipitation Coefficient of Variation and Long-Term Mean Precipitation for 37 Sites along a Precipitation 
Gradient 
Supplementary figure 2| Precipitation coefficient of variation and mean effect on ANPP. 
Current year ANPP response surface to precipitation coefficient of variation of the previous 5 
years and long term mean annual precipitation. The star symbol and adjacent precipitation value 
indicate the threshold mean precipitation at which the effect of precipitation coefficient of 
variation switches from positive to negative. 
 
  
 Estimate p-value 
Intercept -80 <0.001 
 PPT CV 3.04 <0.001 
MAP 0.60 <0.0001 
CV*MAP -0.0079 <0.0001 
 Adj.R
2
 0.41 
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Supplementary figure 3| Model 4 
ANPPyr s = 0 + 1 * pptCV5yr s + 2 * PPTyr s + 3 * pptCV5yr s * PPTyr s 
 
28  Focal-Year Mean Aboveground Net Primary Production as a Function of 5-Year Precipitation Coefficient of Variation and Focal Year Precipitation for 37 Sites along a Precipitation 
Gradient 
Supplementary figure 3| Precipitation coefficient of variation and mean effect on ANPP. 
Current year ANPP response surface to precipitation coefficient of variation and current year 
precipitation. The star symbol and adjacent precipitation value indicate the threshold mean 
precipitation at which the effect of precipitation coefficient of variation switches from positive to 
negative. 
  
 Estimate p-value 
Intercept -59 0.02 
PPT CV 2.85 <0.001 
PPT 0.58 <0.0001 
CV*PPT -0.0084 <0.0001 
 Adj.R
2
 0.42 
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Supplementary figure 4| Distribution of standardized precipitation 
 
29  Frequency and Density Distribution of Standardized Precipitation 
Supplementary figure 4| Standardized five-year mean precipitation distribution. Bars 
correspond to a histogram of standardized precipitation. The black solid line corresponds to the 
probability density function of standardized precipitation and the red dashed line corresponds to 
the probability density function of a randomly generated normal vector. 
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Section S3- Statistical Analyses 
Model comparison through AICc 
In order to explore ANPP response to precipitation in sites above and below the 339 mm 
precipitation threshold, I excluded sites adjacent to the 339 mm threshold. Thus, I considered 
arid sites the ones that where precipitation was 339 mm minus 50 mm buffer; and semi-arid to 
sub-humid sites were considered when they were above 339 mm plus 50 mm buffer. I fitted 
linear and non-linear models and tested the best fit Using AICc.  
Linear model: Mean ANPP5 yr = intercept +  * Mean ppt5 yr 
Non-linear model: Mean ANPP5 yr = intercept + 1 * Mean ppt5 yr + 2 * (Mean ppt5 yr)
2 
Arid sites (below the 289 mm) 
Lmr = linear model 
NLM1.1 = second order polynomial model 
AIC(lmr,NLM1.1) 
df      AIC 
lmr     3 26.73721 
NLM1.1  3 21.92304 
 
Model output 
Formula: stdmeannpp ~ a * stdmeanppt + b * (stdmeanppt^2) 
Parameters: 
  Estimate Std. Error t value Pr(>|t|)     
a  1.41481    0.09352  15.129   <2e-16 *** 
b  0.93292    0.41678   2.238   0.0258 *   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
Residual standard error: 0.2482 on 353 degrees of freedom 
Number of iterations to convergence: 1  
Achieved convergence tolerance: 1.993e-09 
 
Semi-arid to sub-humid sites (above the 389 mm) 
Lmb = linear model 
NLM2.1 = second order polynomial model 
AIC(lmb,NLM2.1) 
df       AIC 
lmb     3 -344.0020 
NLM2.1  3 -345.8981 
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Model output 
Formula: stdmeannpp ~ a * stdmeanppt + b * (stdmeanppt^2) 
Parameters: 
  Estimate Std. Error t value Pr(>|t|)     
a  0.68694    0.09171   7.490 3.59e-13 *** 
b -0.81260    0.59029  -1.377    0.169     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
Residual standard error: 0.1653 on 457 degrees of freedom 
Number of iterations to convergence: 1  
Achieved convergence tolerance: 8.45e-10 
 
Additional analyses 
3-years temporal scale 
Call: 
lm(formula = meannpp ~ pptCV * meanppt, data = dt) 
Residuals: 
    Min      1Q  Median      3Q     Max  
-284.89  -63.44  -18.23   53.30  510.26  
Coefficients: 
                Estimate Std. Error t value Pr(>|t|)     
(Intercept)   -42.458817  16.179031  -2.624 0.008793 **  
pptCV           2.020572   0.572689   3.528 0.000434 *** 
meanppt         0.523411   0.030763  17.014  < 2e-16 *** 
pptCV:meanppt  -0.006183   0.001238  -4.994 6.78e-07 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
Residual standard error: 117.1 on 1197 degrees of freedom 
  (164 observations deleted due to missingness) 
Multiple R-squared:  0.4456, Adjusted R-squared:  0.4443  
F-statistic: 320.8 on 3 and 1197 DF,  p-value: < 2.2e-16 
 
4-years temporal scale 
Call: 
lm(formula = meannpp ~ pptCV * meanppt, data = dt) 
Residuals: 
    Min      1Q  Median      3Q     Max  
-292.74  -63.56  -18.87   48.58  525.53  
Coefficients: 
                Estimate Std. Error t value Pr(>|t|)     
(Intercept)   -47.123864  18.342696  -2.569  0.01033 *   
pptCV           2.047316   0.644239   3.178  0.00152 **  
meanppt         0.539642   0.034974  15.430  < 2e-16 *** 
pptCV:meanppt  -0.006432   0.001427  -4.509 7.21e-06 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
Residual standard error: 115.1 on 1119 degrees of freedom 
  (242 observations deleted due to missingness) 
Multiple R-squared:  0.4632, Adjusted R-squared:  0.4617  
F-statistic: 321.8 on 3 and 1119 DF,  p-value: < 2.2e-16 
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6 - CONCLUSION AND SYNTHESIS 
Specific objective 1 was to develop a rainfall manipulation system able to both reduce and 
increase precipitation on experimental plots that was of easy implementation, low cost and 
needed no connection to the power grid. I designed such system using rainout shelters, similar to 
the ones designed by Yahdjian and Sala (2002) for the rainfall interception component, and an 
automated irrigation system that would divert water collected by rainout shelters to irrigated 
plots (Gherardi and Sala 2011). The cost of the system was very low and it did not require 
connection to the grid or water to be carried to the experimental site. These characteristics 
allowed for high replication, installation in remote locations and to incorporate spatial 
heterogeneity because plots can be randomly located within a site instead of adjacent to each 
other. The system was efficient and had minimum impacts on variables other than water 
availability showing a small increase in night time temperature and a small reduction in 
photosynthetically active radiation. I used this system in the main experiment of this thesis 
successfully modifying soil water availability across treatments (Chapter 3, Fig. S2). 
Specific objective 2 was to assess the effect of interannual precipitation variance on 
aboveground net primary production (ANPP). I carried out a five-year long manipulative 
experiment where I manipulated incoming precipitation on 50 plots switching rainfall exclusion 
and irrigation treatments every year in order to increase interannual precipitation variation. I 
compared ANPP responses from those treatments to control plots receiving ambient 
precipitation. Interannual precipitation variance had a negative effect on ANPP and precipitation 
amount had non-significant effects. Perennial grasses showed a negative response driving the 
overall ecosystem response because they are the dominant plant type accounting for most of the 
productivity of the ecosystem. Shrubs showed a positive response to precipitation variance and 
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annual species non-significant response. These patterns are explained by differential responses to 
water availability of plant-functional types. Perennial grasses responded in a concave down 
fashion peaking at precipitation similar to the long-term mean conditions and decreasing to dry 
and wet ends. Therefore, the increase in the frequency of extremely wet and dry years compared 
to average years resulted in negative grass responses. On the other hand, shrubs responded in a 
concave up fashion showing stable production during dry years that was similar to that of 
average years and increased ANPP during wet years. Therefore, wet years lead to ANPP 
increases that overcompensated small ANPP decreases caused by dry years resulting in a 
positive five-year mean response. Annual species responded linearly to water availability with 
productivity values that were very close to zero during dry years and relatively high during wet 
years. This response led to a null response to precipitation variance where ANPP decreases 
caused by dry years were compensated by ANPP increases during wet years. I concluded that 
interannual variation in the availability of a precipitation has an effect itself on the functioning of 
this ecosystem. Such effect is mediated by the differential response of plant functional types to 
water availability, specially the response of the dominant plant type. These findings highlight the 
importance of studying effects of climate variance itself and predict ANPP decreases with 
increased precipitation variance. 
Since plant-functional type responses played such a critical role explaining the effect of 
precipitation variance on ANPP, I decided to study the effect of precipitation variance on 
functional diversity and its consequences for ecosystem functioning addressing specific objective 
3. I estimated plant-functional diversity, functional evenness and plant-functional type richness 
and I found that interannual precipitation variance had a positive effect on plant diversity 
explained mainly by changes in functional evenness. Plant-functional type richness showed no 
140 
 
response because plant type additions or extinctions may take longer than the duration of this 
experiment. Increases in functional evenness were due to a decrease in the relative abundance of 
perennial grasses and an increase in the proportion of every other plant-functional type. 
Increased functional diversity had a positive effect on ecosystem productivity that did not fully 
compensate ANPP reduction caused by direct effect of precipitation variation but ameliorated 
such effect. Ecosystem stability was not influenced by the positive response of functional 
diversity to precipitation variance. Indirect effects through the dominant plant-functional type 
significantly impacted ecosystem ANPP. On the other hand, functional diversity explained 
changes in ANPP stability through portfolio effects. 
Chapter 5 assesses specific objective 4 exploring how widespread are responses to 
interannual precipitation variance across global grasslands. Since vegetation structure was part of 
the mechanisms explaining patterns found throughout my thesis, it was very important to carry 
out this global analysis across sites with different plant composition and climatic characteristics. 
Interestingly, arid ecosystems showed responses that were exactly the opposite of results 
presented in Chapter 3. My experiment showed a decrease in ANPP with precipitation variance 
while the arid end of the global analysis presented increased ANPP as precipitation variance 
increased. This is not the first time that ANPP responses through space and time do not agree 
(Lauenroth and Sala 1992, Sala et al. 2012). I suggest that the difference between these 
contrasting patterns relays on (1) the fact that plant-functional types play a major role and 
therefore changes in vegetation types among sites leads to completely different responses; and 
(2) the range of precipitation coefficient of variation explored by the experiment exceeds that of 
natural conditions experienced by ecosystems around the world. However, these results are very 
valuable because they state that effects of precipitation variance are widespread and significant 
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regardless the direction; and because climate change predicts precipitation variance increases 
from natural conditions making it important to explore ecosystem sensitivity to a wide range of 
climate conditions.   
As a whole, this thesis consolidates the final product of my PhD work with every chapter 
complementing each other making a novel contribution. Chapter 2 provides methodological 
means to carry out precipitation manipulations at a low cost that I used for the main experiment 
which results are reported in chapters 3 and 4. Such results are novel because my dissertation 
experiment is among the first manipulative experiments testing for the effect of climate variance 
itself on ecosystem functioning and to my knowledge the very first experiment carried out at the 
interannual scale. Chapter 5 provides context for experimental findings at the global scale 
highlighting the widespread nature of climate variance effects on global grassland functioning. 
This thesis provides mechanisms behind responses of a desert grassland. However, further 
experimentation is needed in order to assess causation behind contrasting responses of sites with 
different vegetation composition along climatic gradients. 
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